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Abstract 
The construction of Baku-Tbilisi-Ceyhan (BTC) Oil and South Caucasus Gas (SCP) pipelines was 
completed in 2005. The Azerbaijan section of BTC Oil and SCP Gas pipelines is 442 km long and 44 m 
wide corridor named as the Right-of-Way. BTC and SCP pipelines are aligned parallel to each other 
within the same 44m corridor. The construction process of the pipelines significantly disturbed 
vegetation and soil cover along Right-of-Way of pipelines. The revegetation and erosion control 
measures were conducted after the completion of construction to restore the disturbed footprints of 
construction activities.  
The general goals of the present studies, dedicated to the environmental monitoring of revegetation and 
planning of erosion control measures were: to evaluate the status of the revegetation in 2007 since the 
completion of the construction activities in 2005, to determine the climate and ground factors controlling 
the vegetation regrowth and to predict erosion-prone areas along Right-of-Way of pipelines. 
Regression and root mean square error analysis between the Normalized Difference Vegetation Index 
(NDVI) of IKONOS images acquired in 2007 and in-situ estimations of vegetation cover percentage 
revealed R
2 
equal to 0.80 and RMSE equal to 6% which were optimal for the normalization of NDVI to 
vegetation cover. The total area of restored vegetation cover between 2005 and 2007 was 8.9 million sq. 
m.  An area of 10.7 million sq. m. of ground vegetation needed restoration in order to comply with the 
environmental acceptance criteria. 
Based on the Global Spatial Regression Model, precipitation, land surface temperature and 
evapotranspiration were determined as the main climate factors controlling NDVI of grasslands along 
Right-of-Way of pipelines. In case of croplands, precipitation, evapotranspiration and annual minimum 
temperature were determined as the main factors controlling NDVI of croplands. The regression models 
predicting NDVI for grasslands and croplands were also formulated. The Geographically Weighted 
Regression analyses in comparison with the global regression models results clearly revealed that the 
relationship between NDVI of grasslands and croplands and the predictor variables was spatially non-
stationary along the corridor of pipelines.  
Even though the observed R
2
 value between elevation and NDVI of grasslands was low (R
2
= 0.14), the 
accumulation of the largest NDVI patterns was observed higher than 150m elevation. This revealed that 
elevation has non-direct control of NDVI of grasslands through its control of precipitation and 
temperature along the grasslands of Right-of-Way. 
The spatial distribution percentage of NDVI classes within slope aspect categories was decreasing in the 
southern directions of slope faces. Land surface temperature was decreasing with elevation but no 
particular patterns of land surface temperature in the relationship with NDVI accumulation within the 
aspect categories were observed. Aspect categories have non-direct control of NDVI and there are some 
other factors apart from land surface temperature which require further investigations. 
Precipitation was determined to be controlling the formation of topsoil depth and the topsoil obviously 
controls the VC growth of grasslands as one of the main ground factors. The regression analysis between 
NDVI of grasslands and croplands with groundwater depth  showed very low correlation. But the 
clustered patterns of vegetation cover were observed in the relationship with groundwater depth and soil 
moisture for both grasslands and croplands. The modeling of groundwater depth relative to soil moisture 
and MODIS NDVI of grasslands determined that the threshold of groundwater depth for vegetation 
growth is in the range of 1-5 m. MODIS NDVI and soil moisture did not reveal a significant correlation.  
Soil moisture revealed R
2
 equal to 0.34 with elevation, R
2
 equal to 0.23 with evapotranspiration, R
2
 equal 
to 0.57 with groundwater depth and R
2
 equal to 0.02 with precipitation. This allowed to suspect that 
precipitation is not the main factor controlling soil moisture whereas elevation, evapotranspiration and 
groundwater depth have non-direct control of soil moisture. Therefore, soil moisture has also non-direct 
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control of vegetation cover growth along the corridor of pipelines. The variations of soil moisture in the 
1-3 m soil depth range may have the threshold of depth controlling vegetation cover regrowth and this 
requires more detailed soil moisture data for further investigations. 
The reliability of the Global Spatial Regression Model and Geographically Weighted Regression 
predictions is limited by the MODIS images spatial resolution equal to 250 m and spectral 
characteristics.  
The Morgan-Morgan-Finney (MMF) and Universal Soil Loss Equation (USLE) predictions revealed 
non-similarity in the spatial distribution of soil loss rates along Right-of-Way. MMF model revealed 
more clustered patterns of predicted critical erosion classes with soil loss more than 10 ton/ha/year in 
particular ranges of pipelines rather than Universal Soil Loss Equation model with the widespread spatial 
distribution. Paired-Samples T-Test with p-value less than 0.05 and Bivariate correlation with the 
Pearson's correlation coefficient equal to 0.23 showed that the predictions of these two models were 
significantly different..  
Verification of USLE- and MMF- predicted erosion classes against in-situ 316 collected erosion 
occurrences collected in the period of 2005-2012 revealed that USLE performed better than MMF model 
along pipeline by identifying of 192 erosion occurrences out of 316, whereas MMF identified 117 
erosion sites. USLE revealed higher ratio of frequencies of erosion occurrences within the critical erosion 
classes (Soil Loss > 10 t/ha), what also showed higher reliability of soil loss predictions by USLE. The 
validation of quantitative soil loss predictions using the measurements from 48 field erosion plots 
revealed higher R
2
 equal to 0.67 by USLE model than by MMF. This proved that USLE-predicted soil 
loss rates were more reliable than MMF not only in terms of spatial distributions of critical erosion 
classes but also in the quantitative terms of soil loss rates. The total number of erosion-prone pipeline 
segments with the identified erosion occurrences was 316 out of 38376. The number of erosion-prone 
pipeline segments realistically predicted by USLE model e.g. soil loss more than 10 t/ha was 97 whereas 
MMF predicted only 70 erosion-prone pipeline segments. The regression analysis between 354 USLE 
and MMF erosion-prone segments revealed R
2
 equal to 0.36 what means that the predictions by USLE 
and MMF erosion models are significantly different on the level of pipeline segments. 
The average coefficients of variation of predicted soil loss rates by USLE and MMF models and the 
number of accurately predicted erosion occurrences within the geomorphometric elements of terrain, 
vegetation cover and landuse categories were larger in the USLE model. This supported the hypothesis 
that larger spatial variations of erosion prediction models can contribute to the better soil loss prediction 
performance and reliability of erosion prediction models. This also supported the hypothesis that better 
understanding of spatial variations within geomorphometric elements of terrain, land-use and vegetation 
cover percentage classes can support in the selection of the appropriate erosion models with better 
performance in the particular areas of pipelines.  
Qualitative multi-criteria assessment for the determination of erosion-prone areas revealed stronger 
relations with the USLE predictions rather than with MMF. Multi-criteria assessment identified 35 of 
erosion occurrences but revealed more reliable predictions on the level of terrain units. Predicted erosion-
prone areas by USLE revealed higher correlation coefficient with erosion occurrences than MMF model 
within terrain units what proved higher reliability of the USLE predictions and its stronger relation with 
the multi-criteria assessment. 
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1. INTRODUCTION 
1.1 BACKGROUND 
There are significant oil and gas reserves in Azerbaijan sector of the Caspian Sea. 
However, the land - locked geography of the Caspian region previously limited the 
ability of Azerbaijan to fully exploit these reserves, due to difficulties with 
transportation to international markets. By building of the dedicated BCT Oil and SCP 
Gas pipeline systems, these transportation issues were partly resolved. The construction 
of BTC and SCP pipelines started in 2003 and was completed in 2005 and 2006, 
respectively. These pipelines were constructed parallel to each other within the same 44 
m corridor (RoW). The entire BTC pipeline with 41" diameter is buried for its entire 
length and total 1750 km in length, divided as follows: Azerbaijan - 442 km, Georgia - 
248 km, Turkey - 1060 km. The SCP pipeline is 690km long (442 km in Azerbaijan 
and 248 km in Georgia) and also buried for its entire length. The diameter of SCP 
pipeline is 42". The trenches for both pipelines were excavated to approximately 2.2 m 
allowing the pipelines to be buried with a minimum depth of cover of 1m. Deeper 
burial was required at rivers, roads, rails and other crossings. 
Pipeline construction activities result in varying degrees of surface disturbance 
depending on a number of factors, including the selected construction corridor, 
diameter of the pipe, topography, soil condition, and equipment used during the 
construction (Um et al. 1998). After the completion of construction which results in the 
disturbed VC along RoW, one of the risks is severe erosion which can lead to the 
removal of backfill to depths of several meters and exposure of pipe (Morgan et al. 
2004). Establishing a vegetative ground cover is the most effective way of controlling 
erosion to mitigate environmental damage. Since revegetation is a gradual process, 
erosion control measures must be performed simultaneously because even moderate 
erosion is sufficient to delay or prevent the growth of vegetation and on the other hand, 
gradual vegetation regrowth may delay the process of soil protection against erosion 
processes (Hann et al. 2004). 
The 44 m wide corridor of pipelines is defined as On-Right-of-Way (On-RoW), and the 
non-disturbed areas adjacent to this corridor as Off-Right-of-Way (Off-RoW). After the 
completion of construction, a minimum of 70% ground cover vegetation had to be 
restored along On-RoW. Where the original cover was less than 70%, the requirement 
was 70% of the original cover and another environmental requirement is that VC 
should reach the same level of adjacent non-disturbed VC outside of 44m corridor – 
Off-RoW (BP 2006). According to the bio-engineering standards adapted from Zachar 
(1982), it is recommended to restore 70% of VC to reduce soil loss to 10t/ha what will 
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prevent from severe erosion (Hann et al. 2006). Another goal of biorestoration is to 
restore the habitat, landscape, drainage patterns. If land is restored to its pre-
construction state and the project footprint is barely noticeable, the project can be 
considered as successful (BTC and Botas 2004). 
1.2 PROBLEM FORMULATION 
The environmental monitoring is a complicated process for the 44 m narrow and 442 
kilometer long-range pipelines. Therefore it is necessary to select appropriate 
collaborative environmental management tools to be able to properly plan, implement, 
monitor and measure the results of bio-restoration and erosion control activities. This 
was important, firstly because of the environmental restoration requirements and 
secondly because of the safety of the pipeline surface since opening of its surface may 
cause the corrosion processes by rainfall and other factors. 
The 44 m wide corridor of 442 km long oil and gas pipelines passing over Azerbaijan 
section required the careful planning of revegetation activities after the completion of 
construction (Shahin et al. 2008). Better understanding of the controlling climate and 
ground factors of VC regrowth is essential for the economic planning and 
implementation of the revegetation activities. Quantitative assessment of VC, of  its 
controlling factors and identification of the areas with higher and lower potential to 
restore allow to consider the following restoration measures: the prioritization of areas 
for revegetation, determination of the materials and their quantities (seeds, plants, 
fertilisers, mulches, composts/manures, and imported soils), selection of the methods 
(seeding, planting, earthworks) to be used and their timing, the estimation of the 
performance to be achieved and by when, and how to measure the performance (Hann 
et al. 2004). 
Considering the length of 442 km of pipeline section in Azerbaijan, it is very costly to 
maintain regular in-situ visual control of erosion occurrences along RoW of pipelines 
by human beings. Therefore there was a necessity for running of the erosion models to 
make preliminary determination of sites vulnerable to soil degradation processes. This 
would significantly contribute to the planning of erosion control measures because the 
verification of the particular sites (Duzant 2008) is more sophisticated than the regular 
widespread patrolling of 442 km RoW of long-range pipelines. GIS based assessment 
and spatial prioritization of erosion risk is an important instrument for planning of 
natural resources management through the implementation of correct environmental 
monitoring and management strategies with long-term sustainability (Beskow et al. 
2009).  
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1.3 OBJECTIVES 
1.3.1 General Objectives of Research 
1. To determine restored VC status of 2007 since the completion of pipeline 
construction in 2005  
2. To determine main climate and ground factors controlling VC regrowth 
3. To determine erosion-prone areas along RoW of pipelines  
1.3.2 Detailed Objectives of Research 
1.3.2.1 Vegetation Cover Monitoring and Quantitative Assessment of 
Regrowth Progress 
1. to determine the vegetation peak seasons for the acquisition of high-resolution 
multispectral IKONOS satellite images 
2. to validate  the NDVI to VC relationship and normalize NDVI to VC 
3. to quantitatively assess the spatial distribution of VC 
4. to assess the regrowth progress in 2007 against established environmental acceptance 
criteria since the completion of pipeline construction in 2005 till 2007 
1.3.2.2 Determination of Main Climatic and Ground Factors Controlling 
Vegetation Cover regrowth 
1. to identify the main climatic factors among PRECIP, ET, LST, TMIN, TMAX and 
SOLRAD having the greatest affect to VC regrowth along the corridors of pipelines 
2. to quantitatively assess the relationship between NDVI and climatic and ground 
factors 
3. to achieve the reliable GSRM and GWR for the prediction NDVI values 
corresponding to the preconstruction non-disturbed vegetation condition 
4. to quantitatively assess the affect of non-directly controlling factors of VC as 
elevation, aspects, groundwater depth, soil moisture and topsoil depth 
5. to validate the reliability of predicted values relative to VC condition during the 
vegetation peak season of 2007 using high and low-resolution remotely sensed data  
1.3.2.3 Prediction of Erosion-Prone Areas 
1. to develop the MMF and USLE soil loss prediction models  
2. to perform the statistical quantitative analysis for the comparison of soil loss 
predictions by MMF and USLE models 
3. to validate the prediction accuracy of MMF and USLE erosion prediction models for 
RoW of pipelines using the qualitative method based on the erosion occurrences of 
2005-2012 and the quantitative method based on the field erosion plots of 2005-2007 
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4. to quantitatively assess the spatial variations of the MMF and USLE erosion 
prediction models within terrain geomorphometric elements, land-use types and VC 
percentage 
5. to quantify the number of total and accurately predicted in-situ collected erosion 
occurrences within the geomorphometric elements of terrain (slope, elevation, aspect, 
terrain curvature), vegetation cover and to investigate how the spatial variations of 
these models contribute to the prediction reliability of these models 
6. to investigate terrain dynamic behavior to erosion processes using bio-engineering 
criteria applied for qualitative MCA methods and to determine TUs prone to erosion 
processes   
7. To determine how the qualitative MCA predictions correlate with the predictions of 
MMF and USLE models within TUs 
1.4 RESEARCH QUESTIONS 
1.4.1 Vegetation Cover Monitoring and Quantitative Assessment of 
Vegetation Cover Regrowth Progress 
1. What are the vegetation peak seasons along BTC&SCP pipelines in Azerbaijan? 
2. How well NDVI correlates with the ground truth estimations of VC percentage and 
how to achieve the optimal linear regression equation for the normalization of NDVI to 
VC percentage? 
3. What is the spatial distribution of VC in quantitative terms? 
4. What is the regrowth progress in 2007 against established environmental acceptance 
criteria corresponding to the preconstruction condition of VC in 2005? 
1.4.2 Determination of Main Climatic and Ground Factors Controlling 
Vegetation Cover regrowth 
1. What climate variables have the greatest affect on vegetation growth of grasslands 
and croplands? 
2. To what extent is vegetation affected by climate and ground factors? 
3. Which are the prediction models for the NDVI of grasslands and croplands and how 
reliable are they?   
4. Which ground factors have the non-direct and direct affect on vegetation growth? 
1.4.3 Prediction of Erosion-Prone Areas 
1. What is the spatial distribution of predicted soil erosion in quantitative terms? 
2. How do soil loss predictions by the MMF and USLE models differ along RoW? 
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3. What are the spatial variations of the MMF and USLE erosion prediction models 
within terrain geomorphometric elements (slope gradient, aspect, elevation, curvature), 
land-use and VC  along RoW? 
4. How are the spatial variations of MMF and USLE erosion models contribute to the 
prediction accuracy and reliability of these models?  
5. What is reliability of soil loss predictions by the MMF and USLE models along 
RoW in terms of the spatial distribution of predicted critical erosion classes (Soil Loss 
>10t/ha) and quantitative soil loss predictions? 
6. How to prioritize the areas for the planning of revegetation and erosion control 
activities and plan the restoration measures along RoW? 
1.5 HYPOTHESES  
1. NDVI will reveal high correlation with in-situ estimations of VC 
2. Both USLE and MMF models will predict a large number of erosion occurrences 
3. MMF will provide more accurate prediction of erosion-prone areas because of larger 
number of input parameters for computation. 
4. USLE and MMF models will reveal differences in erosion prediction performance 
depending in terrain characteristics 
5. Higher spatial variations of erosion prediction models within terrain 
geomorphometric elements, land-use and VC percentage classes contribute to better 
prediction accuracy and reliability 
1.6 DISSERTATION STRUCTURE  
The dissertation is organized in nine chapters. In chapter one, a brief background of the 
study is highlighting the need and relevance of the research. The specific research 
objectives, formulated research questions and hypotheses to be tested are also given in 
chapter one. 
Chapter two provides a review of existing literature related with the similar studies. 
Literature provides information related with the previous studies of the quantitative 
assessment of VC percentage, determination of VC controlling factors and applied 
SEMs for pipelines. 
Chapter three provides the description of study areas in terms of location and relief, 
geology and soil, hydrology (ground water depth, soil moisture, hydrological network), 
climatic factors and ground temperature (precipitation, evapotranspiration, annual air 
temperature, land surface temperature, wind speed and direction), land-use, socio-
economic aspects and construction principle of Baku-Tbilisi-Ceyhan and South-
Caucasus-Pipelines pipelines. 
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Chapter four describes the materials and methods for the quantitative analysis of VC 
spatial distribution, VC restoration status, determination of VC controlling climate and 
ground factors and soil erosion modeling.  
Chapter five presents the results of the research. This includes the results of the 
quantitative analysis of VC spatial distribution, VC restoration status, determined VC 
controlling factors and soil erosion modeling.  
Chapter six presents the summary of findings from these studies. Chapters seven 
presents the discussions of this research. Chapter eight describes the conclusions and 
recommendations.  
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2. LITERATURE REVIEW 
2.1 VEGETATION COVER MONITORING ALONG PIPELINES 
VC monitoring research was conducted by Bayramov (2009) along the corridor of 
pipelines. This research provided the possibility of NDVI to VC relationship 
assessment and quantification of VC along pipelines in 2007 and 2008 using IKONOS 
2007 and FORMOSAT 2008 images. Um et al. (1998) compared video remote sensing 
and field survey techniques for revegetation monitoring of a pipeline route. Hann et al. 
(2004) tried to simulate the VC regrowth progress using a simple 'screening model‟ 
(Biot 1990; Thornes 1990) based on altitude, mean annual rainfall, mean number of 
rain days, mean annual temperature, soil type and depth. The present research focused 
on the determination of the VC regrowth in comparison with the simulated status of VC 
percentage before construction and also provided more reliable approach for the quality 
control of NDVI to VC normalization process.  
2.2 DETERMINATION OF CONTROLLING CLIMATE AND GROUND 
FACTORS FOR VEGETATION GROWTH  
In this study, NDVI is used to assess VC because NDVI is a proxy for aboveground 
biomass and it is highly correlated to green-leaf density (Justice et al. 1985; Tucker and 
Sellers 1986; Gamon et al. 1995; Rasmussen 1998; Kefi et al. 2011; Liu et al. 2010). 
According to studies by Yang et al. (1998) and Ji et al. (2004), the PRECIP, potential 
ET and Growing Degree Days (GDD) are the most important factors controlling the 
NDVI of grasslands in the US northern and central Great Plains. Xiaomei et al. (2007) 
and Wu et al. (2010) showed the significant relationship between vegetation and 
groundwater depth in the Yinchuan Plain of China and lower reaches of Tarim River, 
respectively. The relationship was determined between vegetation and elevation and 
aspects by Jin et al. (2009) in the Qilian Mountain area of China. Zuo et al. (2009) 
determined the significant relationship between vegetation and soil in Horqin Sandy 
Land, northern China. According to Cheng et al. (2011), SM is the primary 
hydrological variable in all of the hydrology–vegetation models because of its 
comprehensive effect on the interaction of rainfall, surface water, and groundwater in a 
semi-arid desert region, northern China. Based on the studies of Overmars et al. (2003) 
and Gao et al. (2010), NDVI is tightly related to the temperature and moisture and that 
the areas with similar conditions of temperature and moisture should have similar 
spatial characteristics of NDVI. According to Yang et al. (2006), VC is sensitive to 
variations in temperature, and especially in the ground temperature at depths of 40 cm 
in the source regions of the Yangtze and Yellow Rivers of the Tibetan Plateau from 
1982 to 2001. The studies of Li et al. (2011) showed that the synchronization between 
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NDVI and temperature is stronger than that between NDVI and precipitation in most 
areas of China. To the best of our knowledge, there were no researches based on the 
quantitative analysis for determination of VC controlling climate and ground factors 
along the corridor of pipelines. The present studies provided the comparative 
assessment of GSRM, SMRM and GWR models for the prediction of NDVI along 
croplands and grasslands of RoW.  
2.3 APPLIED QUANTITATIVE (UNIVERSAL SOIL LOSS EQUATION & 
MORGAN-MORGAN-FINNEY) AND QUALITATIVE (MULTI-CRITERIA 
ASSESSMENT) SOIL EROSION PREDICTION MODELS ALONG 
PIPELINES 
2.3.1 Selection of Universal Soil Loss Equation and Morgan-Morgan-
Finney erosion prediction models for present research 
Different approaches are reviewed in Hudson (1995) and Morgan (2005). In simple 
terms, erosion can be characterized as the negative result from the interaction among 
rainfall, soil, slope and land cover. Since these interactions are complex, erosion rates 
can vary in time and space. According to Morgan (2005), no method proved 100% of 
reliability in the prediction of soil loss and the success of any model must be judged by 
how well it meets its objectives or requirements. 
Even though WEPP (Nearing et al. 1989), EUROSEM (Morgan et al. 1998) and 
RHEM (Nearing et al. 2011) are more detailed process-based models which can 
simulate the effects of vegetation on erosion in individual storms, they are often too 
complex and data-hungry (Morgan et al. 2008).  
USLE model was selected to be used in this research because of several reasons: its 
relative simplicity, the possibility in using of quite basic data, previous studies by 
Morgan et al. (2004) for determination of TUs prone to erosion processes along 
Georgia BTC pipeline section (Morgan et al. 2004). To the best of our knowledge 
MMF has never been used for the corridor of pipelines. MMF model also holds 
advantages in simplicity of usage and requirements to quite basic data. MMF model 
used the concepts proposed by Meyer and Wischmeier (1969) and Kirkby (1976) to 
provide a stronger physical base than USLE (Wischmeier and Smith, 1978) and to 
retain the advantages of an empirical approach by simplicity of understanding and data 
availability (Morgan 2001). 
The MMF and USLE models have broad application globally, but they have rarely 
been used for oil and gas pipelines corridors. Morgan et al. (2004) used TUs as a basis 
for erosion risk assessment along pipeline RoW in Georgia. The studies of .Morgan et 
al. (2004) validated the use of the USLE model.  They showed that TUs are suitable 
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land units for assessing both current erosion condition and predicting risk since they 
were significantly different from each in their soil erodibility and slope.  In addition, 
these dynamic landscape units were found to be good indicators of erosion behaviour. 
In comparison with the studies by Morgan et al. (2004), the present studies compared 
the quantitative differences and spatial variations of detailed USLE and MMF models 
within the geomorphometric elements of terrain, land-use and VC percentage classes. 
2.3.2 Spatial variations of soil degradation models within terrain 
geomorphometric elements, land-use and VC percentage classes as the 
criteria of high performance by erosion models 
Based on the studies of Yazidhi (2003), there was a significant difference between 
USLE and MMF models and it was also determined that RUSLE performed better than 
RMMF in Lom Kao-Phetchbun, Thailand. RUSLE model showed higher sensitivity to 
the cover factor and organic matter whereas RMMF was more sensitive to slope 
gradient and rainfall amount. Baruti (2004) conducted the studies on SM in the relation 
to MMF soil erosion at Tancitaro Geopark, Central Mexico. These studies showed 
different soil erosion rates with respect to landscape, individual mapping units and 
land-use/cover and also revealed significant relationship between the predicted soil 
erosion rates and SM at study area (Baruti 2004). The studies of Suriyaprasit (2008) 
showed that the overall average annual soil loss rate was highest in the agricultural 
areas and that the change of land-use from natural to agricultural causes more erosion. 
The present research has similar approach applied by Yazidhi (2003) by evaluating the 
spatial variations of USLE and MMF models within geomorphometric elements of 
terrain (slopes, aspects and curvatures), VC percentage and land-use. The coefficients 
of variations are used to investigate how the spatial variations of these models 
contribute to the prediction accuracy and reliability of erosion prediction. 
2.3.3 Quantitative and Qualitative Validation of Erosion-Prone Areas 
Predicted by USLE and MMF models  
Despite the relative ease of applying USLE and MMF, the models exhibited limited 
predictive accuracy in the different regions. USLE and MMF models should not be 
applied in a standard form without explicit ground-survey based local calibration 
(Cohen et al. 2005).USLE and MMF models were widely used in the majority of 
studies focused on the predictions of erosion-prone areas. But the validation of USLE 
and MMF results was always complex, in particular because of non-availability of the 
ground-truth data required for the quantitative evaluation of the prediction reliability by 
the erosion models. In the present studies, for the qualitative assessment of the USLE - 
and MMF - predicted spatial distribution of critical erosion classes, erosion occurrences 
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collected in the period of 2005-2012 were used. For the quantitative assessment of the 
USLE - and MMF – predicted soil loss, measurements of field erosion plots from 2005 
till 2007 were used.     
2.4 QUALITATIVE MULTI-CRITERIA ASSESSMENT METHODS FOR 
EROSION PREDICTION 
Based on the studies of Zhang et al. (2010), a qualitative assessment using multi-
criteria evaluation method is used to identify areas prone to erosion processes. Zhang et 
al (2010) recommends that a qualitative assessment method can be used to prioritize 
conservation areas without the need for more complex quantitative methods. Morgan et 
al. (2004) used TUs as a basis for erosion risk assessment along pipeline RoW in 
Georgia. As a result, the studies revealed that TUs are suitable land units for assessing 
both current erosion condition and predicting risk since they were significantly 
different from each in their soil erodibility and slope and that these dynamic landscape 
units are good indicators of erosion behaviour. The present studies used detailed data 
sources to run MCA for determination of erosion-prone TUs for the Azerbaijan section 
of pipelines. In the present studies, MCA results were validated using USLE and MMF 
models and in-situ identified erosion occurrences along pipelines within TUs. 
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3. STUDY AREA 
3.1 LOCATION AND RELIEF 
The BTC is the 1768 kilometer crude oil pipeline and SCP is the 692 kilometer gas 
pipeline (Fig. 3.1). They are routed parallel to each other over Azerbaijan, Georgia and 
Turkey.  The study area is the 44 meter wide corridor (RoW) of 443 kilometer BTC and 
SCP pipelines passing over Azerbaijan section. It starts from 49° 28‟ 42” longitude and 
40°12‟ 06” latitude in Sangachal Terminal and continues until the Georgia border at 
45° 10' 52 longitude and 41° 24' 27" latitude (Fig. 3.2). Construction of BTC (41” 
diameter) and SCP (42” diameter) pipelines began in 2003 and was completed in 2005 
and 2006, respectively. The depth of the buried pipelines varies between 1 - 2 meters.  
At the river crossings, roads, rails and other crossings, it can reach up to 31 meters. The 
corridor of pipelines is routed through Gobustan, Shirvan-Plain, Kura-Araz lowland 
and Ganja-Gazakh because of suitable topography. The highest elevations are in 
Gobustan, Shirvan-Plain and Ganja-Gazakh while the lowest is in Kura-Araz lowland 
(Fig. 3.2).  
 
 
Fig. 3.1 Map of BTC&SCP pipelines passing over Azerbaijan, Georgia and Turkey territories 
 
12 
 
 
Fig. 3.2 Map of BTC&SCP pipelines passing over Azerbaijan territory 
 
Azerbaijan is predominantly a mountainous country. It is surrounded by three mountain 
ranges:  the Greater Caucasus form part of the northern border, the Lesser Caucasus 
from the south-easterly direction, Talysh Mountains from the south direction. The 
remaining area of the territory consists of lowlands and plains. Chief among these is the 
central, flat, alluvial Kura-Araz and Upper Kura-Araz Lowlands, through which the 
BTC and SCP pipelines are routed in Azerbaijan. The Caspian Sea is located at the 
eastern part of Azerbaijan and forms the coastal landscape. Significant elevation 
changes can be observed in the kilometer ranges of '0-60km' and '> 230km' whereas flat 
areas are located in the range of '60-230km' (Fig. 3.3).   
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Fig. 3.3 Relief and elevation profile along BTC&SCP pipelines in Azerbaijan 
 
3.2 GEOLOGY AND SOIL 
Cretaceous, Tertiary and Quaternary sedimentary rocks underlie the pipeline route in 
Azerbaijan (Fig. 3.4). These rocks are predominantly sandstone, limestone and marl, 
with relatively minor sections underlain by metamorphic and igneous formations. A 
superficial quaternary cover, of varying thickness and character, mantles underlying 
rocks over most of the pipeline route. These deposits mainly consist of alluvial 
materials, although fluvial-glacial deposits and mud flows are also encountered.  
Mudflows from mud volcanoes occur only in the Gobustan region in the eastern part of 
the pipeline route. Alluvial deposits predominate along the majority of the routes 
between Kazi-Magomed (KP52) and the Georgian border and consist of clay to cobble 
size sediments. Clays and finer grained sediments tend to predominate in the eastern 
sections of the routes, tending to gravels and cobbles west of the Kura East River 
crossing to the Georgian border. The extensive flatlands of the Shirvan and Karabakh 
Plains are still accreting due to the high sediment load of the rivers with catchment 
areas in the Greater Caucasus. This accretion is also characteristic of the plain and 
lowlands of the Lesser Caucasus in the west. These flood plain deposits provide fertile 
soils and are the basis for intensive agriculture of these regions. 
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Fig. 3.4 Cretaceous, Tertiary and Quaternary sedimentary rocks underling the route of BCT and SCP 
pipelines in Azerbaijan 
 
 
The spatial distribution of soil texture types modeled based on the field collected soil 
texture samples is presented in Fig. 3.5(a). The area and length of soil texture types 
along RoW are presented in Table 3.1. As it is presented in Fig. 3.5(b), topsoil depth 
increases from east to west. The formation of topsoil is particularly controlled by the 
precipitation factor.  
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Fig. 3.5 (a) Soil texture along the corridor of BTC&SCP pipelines for Azerbaijan section;  
(b) Topsoil depth along the corridor of BTC&SCP pipelines for Azerbaijan section 
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Table 3.1 Length and area of soil texture types along the corridor of BTC&SCP pipelines 
3.3 HYDROLOGY 
3.3.1 Groundwater Depth 
Groundwater depth modeled based on the data from 327 boreholes and 154 test pits is 
presented in Fig. 3.6. It is possible to observe that the highest level of ground water 
depth is located in the range of 120-280 km. This is related with the wide spread 
agricultural irrigation activities in this range of RoW.   
 
Fig. 3.6 Map of ground water level along BTC&SCP pipelines for Azerbaijan section 
 
 
 
 
NAME AREA OF RIGHT-OF-WAY (sq. m.) LENGTH (m) 
Clay 325524 7163 
Clay loam 6569682 149051 
Clay loam with stones 54945 1283 
Loamy sand 30173 506 
Sand 80031 1715 
Sandy clay 1028476 22826 
Sandy clay loam 3865371 87027 
Sandy loam 2347837 53298 
Silt 776174 17464 
Silt loam 32457 1213 
Silty clay 4404461 96058 
Silty clay loam 170149 4405 
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3.3.2 Soil Moisture 
Highest SM is observed in the range of 80-280 km which corresponds to croplands 
(Fig. 3.7). These areas are under significant impact of irrigation activities. SM surface 
was interpolated based on the pre-construction geotechnical measurements of 156 
boreholes and test pits along RoW of pipelines using the Inverse Distance Weighted 
(IDW) method. The length and areas of RoW under SM classes with the interval of 5% 
are presented in Table 3.2. 
  
 
Fig. 3.7 Map of soil moisture along BTC&SCP pipelines for Azerbaijan section 
 
Table 3.2 Length and area of Right-of-Way of BTC&SCP pipelines under soil moisture classes 
SOIL MOISTURE 
CONTENT (%)  
AREA OF RIGHT-OF-WAY (sq. m.) LENGTH (m) 
3-5 95111.5 2019.7 
5-10 1138893.5 25754.6 
10-15 3674225.7 84304.5 
15-20 5093733.3 116336.2 
20-25 6684481.9 147841.4 
25-30 2269957.8 49806.3 
30-35 421483.4 9483.2 
35-41 307394.6 6808.6 
3.3.3 Hydrological Network 
The BTC pipeline route crosses 20 river crossings between KP 0 – 442. Precipitation 
(and snowmelt) over the Caucasus ranges controls the magnitude and seasonal variation 
of flows in the rivers crossed by the pipelines.  The route also crosses numerous 
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streams, canals, drainage ditches and irrigation systems (Fig. 3.8(a)). Eleven of these 
river crossings are considered as critical based on the annual monitoring of pipeline 
depth of cover from the river bed (Fig. 3.8(b)). The erosion processes caused by rivers 
are mitigated by annual remediation activities of river banks. The present studies don‟t 
consider the erosion processes caused by rivers. Prediction of erosion processes caused 
by critical rivers requires separate investigations to mitigate the risks to pipelines.  
 
Fig. 3.8 (a) Map of main hydrological network along BTC&SCP pipelines for Azerbaijan section; 
 (b) Critical and noncritical river crossings 
 
3.4 CLIMATIC FACTORS AND GROUND TEMPERATURE 
3.4.1 Precipitation 
The average precipitation is 200-500mm but can be as little as 150-200mm in semi-
desert areas such as Gobustan. The precipitation increases from east to west because of 
elevation factor along RoW of pipelines (Fig. 3.9). Data of precipitation is based on the 
WorldClim climatic database. 
 
Fig. 3.9 Elevation and precipitation along BTC&SCP pipelines 
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3.4.2 Evapotranspiration 
As it can be observed in Fig. 3.10, elevation is not the main factor controlling the 
spatial distribution of precipitation, that‟s why it is possible to observe significant 
increase of precipitation in the range of 120-241 km. This is related with the significant 
increase of evapotranspiration factor as a result of agricultural activities in this range 
(Fig. 3.10). Evapotranspiration is in particular controlled by the following climatic and 
ground factors along RoW: solar radiation, substantial periods of unbroken sun shines, 
high air temperature, high wind speeds and low atmospheric humidity. Data of 
evapotranspiration is based on the MOD16 ET developed by Mu et al. (2007). 
 
Fig. 3.10 Elevation and evapotranspiration along BTC&SCP pipelines 
  
3.4.3 Annual Air Temperature 
Arid subtropical, humid subtropical, temperate and cold climatic types can be 
differentiated in Azerbaijan, principally depending on the altitude of the area and 
distance from the Caspian.  The arid sub-tropical climate is typical for the Kura-Araks 
Lowlands where the majority of the pipelines are located. The average annual 
temperature is 15°C. The highest air temperatures occur in the Kura-Araz lowlands and 
along the Caspian Coastline which are located in the 0-10 km and 120-250 km ranges 
of pipelines (Fig. 3.11). From east to west, the climate becomes cooler. Annual air 
temperature is controlled by a number of different factors as elevation, solar radiation, 
wind etc.  Average annual temperature is based on the WorldClim climatic database.  
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Fig. 3.11 Elevation and annual air temperature along BTC&SCP pipelines 
3.4.4 Land Surface Temperature 
Land surface temperature for the vegetation peak months decreases from east to west as 
a result of decreasing solar radiation and increasing elevation (Fig. 3.12). Other factors 
which control LST distribution are soil texture types influencing the thermal properties 
such as conductivity, SM content and vegetation cover. LST data is based on the 
MODIS LST data. 
 
 
Fig. 3.12 Elevation and Land Surface Temperature along the corridor of BTC&SCP pipelines 
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3.4.5 Wind Speed and Direction 
The highest wind speed is observed in the following kilometer ranges of pipelines: 0-50 
km and 250-330 km (Fig. 3.13). It is known that wind speed and direction are one of 
the most important natural processes controlling erosion processes. Wind erosion 
prediction was not considered in the present research and the quantitative assessment of 
wind influence to erosion processes and vegetation growth should be investigated in the 
future researches.   
 
Fig. 3.13 Wind speed and direction along BTC and SCP pipelines 
3.5 LAND-USE 
The spatial distribution of croplands, grasslands and pastures is presented in Fig. 3.14. 
The length and area of land-use types along RoW of pipelines are presented in Table 
3.3. The majority of land crossed by the pipelines is agricultural and of little conservation value 
with respect to plant species.  The remaining 29% of habitats along the route are of increased 
nature conservation importance since they have a greater structural and species diversity 
compared to agricultural land and are more semi-natural in character. 
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Fig. 3.14 Land-use along BTC&SCP pipelines for Azerbaijan section 
 
Table 3.3 Length and area of Right-of-Way of BTC&SCP pipelines under land-use types 
LAND-USE TYPE AREA OF RIGHT-OF-WAY (sq. m.) LENGTH (m) LENGTH (%) 
Croplands 14128027 313449 70.94 
Grasslands 4804394 112430 25.44 
Pasture 724109 15977 3.62 
Total 19656530 441856 100% 
 
3.6 SOCIO-ECONOMIC ASPECTS 
Distribution of property types is presented in Fig. 3.15(a) and Table 3.4. During the 
construction, land owners and lenders were temporarily moved from their lands with 
the regulated compensations for leave and return to their lands. They returned to their 
lands at the completion of the construction but with the restrictions in the utilization of 
lands as non-permitted excavation using heave equipment etc. for the prevention from 
damages to the BTC&SCP pipelines. Total number of villages along pipelines is 144. 
Total number of administrative districts is 13. Total number of houses is 119374 and 
total number of population is 575267 (Fig. 3.15(b)). 
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Fig. 3.15 (a) Map of property rights along BTC&SCP pipelines; (b) Map of settlements and 
administrative districts for Azerbaijan sections of pipelines 
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Table 3.4 Number of parcels by property type along BTC&SCP pipelines for Azerbaijan section 
LAND PROPERTY 
TYPE 
 NUMBER OF 
PARCELS 
AREA OF RIGHT-OF-WAY (sq. m.) LENGTH (m) 
Municipal   1922 6376029 139909 
Private   4944 7168916 161994 
State   593  6118186 140106 
 
3.7 CONSTRUCTION PRINCIPLE OF BAKU-TBILISI-CEYHAN AND 
SOUTH-CAUCASUS-PIPELINES PIPELINES  
On the first stage the initial activity associated with the BTC and SCP pipelines 
construction was the final surveying and setting out or staking of the RoW and 
additional temporary workspaces (Fig. 3.16(a)).  On the second stage the routes for 
pipelines needed to be cleared and graded to permit the safe installation of the pipeline 
and associated facilities (Fig. 3.16(b)). This process included the leveling and benching 
of the terrain, stripping of cultivated areas and the removal of scrubs, trees etc. On the 
third stage pipe sections were transported to the RoW and laid end to end along side the 
trench line (Fig. 3.16(c)). Following stringing and bending, the pipe sections were 
elevated onto wooden blocks to the correct height to allow proper alignment of the 
sections and safe welding with further inspections.  On the forth step of trenching was 
the staking and marking of the trench centerline (Fig. 3.16(d)). Where possible, existing 
third-party services (e.g. underground cable, pipelines and drainage systems) were also 
located and marked prior to the commencement of excavation work. The trenches for 
two pipelines were dug to the depth that allows BTC and SCP installations with a 
minimum of 1m of cover from the top of the pipe to the existing ground surface. To 
ensure that the RoW can be properly reinstated and to allow the re-growth of 
vegetation, the topsoil and subsoil were removed as required and stored separately. The 
topsoil was stripped across the working width by appropriate earth moving equipment 
and stored in the RoW. The presence of sub-surface structures (such as other pipelines) 
and surface features (such as hills, rivers or irrigation channels) required deeper 
installation of the BTC&SCP in some areas. The trenching operation was undertaken 
using methods to suit the local terrain and ground conditions.   On the fifth stage it was 
the lowering - in and backfilling (Fig. 3.16(e; f)). But before lowering-in, the BTC and 
SCP trenches were prepared to accept the pipes. Surface rocks or debris that could 
damage the pipe coating were removed from the trench. Where needed imported 
materials, screened to remove rocks were placed in the bottom of the trench. After pipe 
join coating and testing, the section of the BTC was lowered into the trench. On the 
sixth stage trench was backfilled with the material taken from the trench, in the reverse 
order to which it was excavated (Fig. 3.16(g; h)). The process ensured that appropriate 
compaction of the material in the backfilled trench to be achieved and reduced the risk 
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of future settlement, washout and erosion. Only topsoil and equivalent materials were 
re-spread over the surface. Where original topsoil depth was less than or equal to 300 
mm, it was provided topsoil or equivalent covering necessary to restore the original 
fertile depth. The technical parameters of pipelines as depth of cover, nominal wall 
thickness, elevation and maximum operating pressure are presented in Fig. 3.17(a-d). 
 
 
 
Fig. 3.16(a) Surveying and setting out or staking of Right-of-Way; (b) clearing and grading; (c) 
transportation of pipe sections to Right-of-Way; (d) staking, marking and digging of the trench 
centerline; (e) lowering - in of pipes; (f) backfilling of trenches in the reverse order to which it was 
excavated; (g)  backfilling of top soil; (h) reinstatement 
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Fig. 3.17(a) Depth of cover; (b) Nominal wall thickness of pipelines; (c) Elevation of pipelines; (d) 
Maximum operation pressure of BTC&SCP pipelines 
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4. DATA PROCESSING 
4.1 NORMALIZATION OF NDVI TO VEGETATION COVER AND 
ASSESSMENT OF RESTORATION STATUS 
4.1.1 Determination of Vegetation Cover Peak Periods along Right-of-
Way of Pipelines and Acquisition of High-resolution Satellite Images 
Time series of MODIS NDVI data have been successfully applied to quantify 
vegetation activity and to measure vegetation dynamics (Ahl et al. 2006; Zhang et al. 
2003; Jacquin et al. 2010; Wang et al. 2005). In the present studies, MODIS 16-day 
composite NDVI time series data products from Earth Resources Observation Systems 
(EROS) Data Centre is used for the determination of vegetation peak seasons. The 
MODIS NDVI images with 250m spatial resolution were acquired in the mid of each 
month of 2003 what corresponds to the preconstruction state of VC. NDVI values for 
the mid of each month are determined for the rationally distributed points of interest 
along the non-agricultural areas of BTC&SCP pipelines (Fig. 4.1). 
 
 
Fig.4.1 Rational distribution of points for the determination of MODIS NDVI of each month 
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Based on these computations, optimum vegetation peak periods for IKONOS images 
acquisition and in-situ estimations of VC percentage are determined in the similar 
approach as it is presented in Fig. 4.2. 
 
Fig. 4.2 Model of vegetation cover peak months 
 
The launch of high-resolution multispectral satellite sensor as IKONOS provided an 
opportunity to reassess the capabilities of satellite remote sensing for mapping of  
vegetation and monitoring of upland vegetation (Slater and Brown, 2000; Mehner et al. 
2004). 
IKONOS satellite images are acquired during vegetation peak season in 2007. The 
technical specification of IKONOS satellite sensor is presented in Table 4.1. All images 
are geometrically corrected. The positional accuracy is +/- 2 m RMSE, which is 
required for the integration of different sets of remotely sensed and ground truth data 
(Ormeci et al. 2009). 
 
Table 4.1 Technical specification of IKONOS satellite sensor (Space Imaging, 2002) 
IKONOS SATELLITE SENSOR 
Launch Date September , 1999 
Spectral Bands Pan: 0.45 - 0.90 µm; Blue: 0.45 - 0.53 µm; Green: 0.52 - 
0.61µm 
Red: 0.64 - 0.72µm; Near-infrared: 0.77 - 0.88 µm 
Spatial resolution B&W:  1 meter, Multispectral (R, G, B, NIR): 4 meter 
Swath Width 11 km x 11 km 
Orbit Altitude 681 km 
Orbit Inclination 98.1 degrees, sun-synchronous 
Speed 7 km/second 
Revisit Time 1.5-3 days depending on latitude 
Image Dynamics 11 bits 
Original Metric Accuracy 
(Horizontal) 
12 m horizontal (RMSE) 
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4.1.2 Linear Regression for Normalization of NDVI to Vegetation Cover 
Percentage 
The most common procedure for the development of VC uses a regression equation 
model derived from the correlation analysis between the vegetation factor estimated in 
the field and a satellite-derived NDVI (De Jong et al. 1999; Wang et al. 2002). NDVI is 
an index derived from reflectance measurements in the red and infrared portions of the 
electromagnetic spectrum. Higher NDVI values imply more vegetation coverage; lower 
NDVI values imply less coverage, and zero NDVI indicates rock or bare land (Jin et al. 
2009). NDVI is not an intrinsic physical quantity, although numerous studies spanning 
many years have shown a positive and generally linear relationship between NDVI and 
VC (Carlson et al. 1997; Meusburger et al. 2010; Vemu et al. 2010). These studies 
form the basis of the null hypothesis which is that NDVI is unrelated to VC. One of the 
objectives of collecting in-situ data is therefore to test the hypothesis within established 
limits of confidence. Another objective is that the direct conversion of NDVI to VC 
factor, without field verification can be misleading because, in practice, many 
biophysical factors besides VC can affect reflectance such as atmospheric effects, 
anisotropic effects, background soil reflectance, shadow effects, solar and viewing 
angle, non-photosynthetic plant material, vegetation structure and SM (Bechtel et al. 
1997; Huete et al. 1994; Leprieur et al. 2000). The influence of these effects can be 
reduced by using the in-situ estimations of VC percentage collected in correspondence 
with the acquisition dates of remotely sensed data. 
The relationship of in-situ estimated data of VC percentage to NDVI values derived 
from IKONOS 2007 images was obtained through the linear regression, with NDVI 
values as dependent variable and VC as independent variable (Fig. 4.3(a)). Both 
regression coefficient and RMSE of omitted field data were used to achieve the most 
accurate regression equation for the normalization of NDVI to VC (Ormeci et al. 
2009). The coefficient of regression and RMSE are assessed using four iterations of 
regression model. 
The collection of in-situ transect data occurred within the time planned for the 
acquisition of images. The study used 96 transects located along the 44 m wide On-
RoW of which 48 were located on the On-RoW and 48 were located along Off-RoW. 
For the reduction of negative impacts from soil reflectance, 10 of these transects were 
collected in the bare soil (Montandon et al. 2008). Estimations were taken along 60 m 
long transects placed across On-RoW. VC percentage involved the use of quadrate with 
the size of 1m x 1m and with a minimum sampling of eight quadrates per transect 
where five is for On-RoW and three is for Off-RoW. At each quadrate, VC was 
assessed by the estimation of the relative proportion of bare ground to vegetation that 
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can be observed looking vertically onto the quadrate. The sample of transect location 
along RoW is presented in Fig. 4.3(b). 
 
 
Fig. 4.3 (a) Regression analysis between NDVI and estimated vegetation cover percentage;  
(b) Sample of transect locations along Right-of-Way of pipelines 
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4.1.3 Analysis of Vegetation Cover Spatial Distribution along Right-of-
Way and Evaluation of Restored Vegetation Cover in 2007 
As discussed above, the requirement was restoration of a minimum of 70% cover of 
ground vegetation, and where the original cover was less than 70%, the requirement is 
70% of the original cover along RoW of pipelines (BP 2006). Another indicator of the 
restoration success is when disturbed VC of On-RoW reaches the same percentage of 
non-disturbed VC of Off-RoW. VC for On-RoW was interpolated based on the non-
disturbed VC percentage of Off-RoW to model the non-disturbed VC level along the 
corridor of pipelines. This was used as the simulation model of the original VC spatial 
distribution prior to construction and also as the environmental acceptance criteria. 
Comparative re-growth analyses were performed between non-disturbed VC 
interpolated from Off-RoW and VC developed for 2007, to understand how restoration 
activities comply with the regrowth target after the completion of construction.  
4.2 DETERMINATION OF MAIN CLIMATIC AND GROUND FACTORS 
CONTROLLING THE REGROWTH OF VEGETATION COVER 
4.2.1 Development of Dataset for Standard Multiple, Global Spatial, 
Geographically Weighted Regression Models 
4.2.1.1 Dataset for Determination of Vegetation Cover Controlling 
Factors 
 MODIS (Moderate Resolution Imaging Spectroradiometer) is the sensor aboard the 
Terra (EOS AM) and Aqua (EOS PM) satellites. MODIS/Terra NDVI 16-day 
composite product from NASA with the spatial resolution of 250 m was used in this 
research to monitor VC along the corridor of pipelines. Many previous studies have 
demonstrated that there is a correlation between MODIS NDVI and VC and it can be 
used to detect and monitor vegetation (Huete et al. 2002; Li et al. 2010; Sun et al. 
2011). The MODIS NDVI is the ratio of the red (620– 670 nm) and near-infrared 
(NIR, 841–876 nm) spectral channels. The MODIS NDVI images were acquired for 
the middle of vegetation peak months (May - August) in 2003 to quantify the 
preconstruction vegetation condition and also for the middle of the same months in 
2007 to monitor the post-construction vegetation condition. The average NDVI 
values for months were computed to assess the mean of vegetation peak period.  
 MODIS LST data for an 8day composite with the spatial resolution of 1 km was 
acquired for the same vegetation peak months. Four months of LST were averaged to 
be consistent with NDVI data. 
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 Digital Elevation Model (DEM) was developed using the stereo aerial photography 
along the corridor of pipelines. The spatial resolution of DEM is 10 m. The aspect of 
slopes was also computed based on this DEM. The TMIN, TMAX and annual 
PRECIP were acquired from the WorldClim – Global Climate Data. These data were 
developed through the interpolation of average monthly climate data from weather 
stations in each country to a 30 arc-second resolution grid or 1 km
2
 spatial resolution 
(Hijmans et al. 2005). 
 The MOD16 ET datasets used are estimated using ET algorithm described in Mu et 
al. (2007). The ET algorithm is based on the Penman-Monteith equation (Monteith 
1965). The annual ET was considered in the regression analysis. 
 SOLRAD was computed based on the methods from the hemispherical viewshed 
algorithm developed by Rich et al. (1994), as further developed by Fu et al. (2002). 
The total amount of direct, diffuse, and global insolation was calculated relative to the 
topographic surface based on DEM along the corridor of pipelines. 
 Topsoil depth samples were collected along the corridor of pipelines at 647 point, 
prior to the construction of the pipelines in 2003. Groundwater depth was also 
observed for 327 boreholes and 154 test pits along the RoW. Kriging, the 
geostatistical interpolation technique predicting unknown values at unmeasured 
locations based on measurements of known surrounding locations, is used to compute 
the continuous surface of topsoil depth and to compute the continuous surface of 
groundwater depth with the smoothing factor of 0.5.  
 The IKONOS high-resolution multispectral images acquired along RoW in 2007 
were used to compute the NDVI with the spatial resolution of 4 m. These high- 
resolution images were needed to investigate how the predictions computed relative 
to MODIS NDVI correlated with the detailed NDVI of grasslands and croplands for 
the post-construction state of RoW. 
100 m long and 44 m wide polygons were created by the division of the RoW corridor. 
As a result of this, 4410 total polygons were developed along RoW. In each polygon, 
the pixel values of MODIS and IKONOS NDVIs, PRECIP, ET, LST, TMIN, TMAX 
and SOLRAD, Elevation, Groundwater depth, Topsoil depth were averaged using the 
method of zonal statistics. These data was used for running of statistical SMRM, 
GSRM and GWR analysis.  
4.2.1.2 Standardization of Response and Predictor Variables 
Since LST, PRECIP, ET, TMAX, TMIN and SOLRAD have different units of 
measurement, the standardization of variables was necessary to compare the relative 
influence of different independent variables (Hu et al. 2011). Eq. 4.1 was used. 
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where 
iX  is the standardized variable, iX  is the original data of the variable i ,  iavgX   
is the mean of the corresponding variable , and 
iS  is the standard deviation. Since the 
dependent variable - NDVI normally has a range from -1 to 1, it is scaled to an 8-bit 
data range of 0 - 255 to avoid of negative values in the predicted results.  
4.2.2 Spatial Multiple Regression Model and Ridge Standardized 
Regression Procedure for Grasslands and Croplands 
4.2.2.1 Spatial Multiple Regression Model with all Predictor Variables  
A multiple linear regression analysis is performed for grasslands and croplands using 
the dependent variable – NDVI and predictor variables as PRECIP, ET, TMAX, TMIN, 
LST and SOLRAD. The full linear regression model equation is expressed as follows 
in Eq. 4.2 (Ji et al. 2004).    
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where 0  is the intercept, 1 , 2 ……. 6  are regression coefficients of the climate 
predictors, and   is random error. 
4.2.2.2 Detect Multi-collinearity of the Regression Model and 
Elimination of Variables Causing the Multi-collinearity in the Regression 
Model 
Pearson correlation analysis was conducted to determine the existence and type of 
correlation between NDVI and other climate variables (Ji et al. 2003). Since the multi-
collinearity is defined as a high degree of correlation among predictor variables, this 
also detects the presence of   multi-collinearity in the regression model (Ji et al. 2004). 
The presence of multi-collinearity in the regression model results in the poor estimation 
of the regression coefficients because it reduces the dispersion of the residuals, which 
are the independent variable in the regression models (Montgomery et al. 1982; Belsley 
1991; Freund et al. 2006). According to Montgomery et al. (1982), if the variance 
inflation factor (VIF) exceeds five, then the presence of multi-collinearity in the 
regression model is probable. According to Belsley (1991), a condition number in 
excess of 30 is also a reason to suspect the presence of multi-collinearity in the 
regression model. Since it is not recommended to use the stepwise selection (Freund et 
al. 1991) for the model with multi-collinearity, the ridge standardized regression 
procedure proposed by Hoerl and Kennard (1970) was used to determine the useful 
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predictor variables through the elimination of the multi-collinearity in the regression 
model. This allowed to make the predictors nearly orthogonal and the coefficients less 
variable (Ji et al. 2004).  
 
4.2.3 Spatial Regression based on the Maximum Likelihood Estimation 
of Spatial Errors 
4.2.3.1 Detect the Spatial Autocorrelation in the Regression Model 
The combination of geostatistical model of spatial dependence (semi-variogram 
functions) and a maximum likelihood regression procedure is used in this research 
(Lark 2000). The spatial autocorrelation is detected based on the semi-variogram 
analysis of the regression residuals from the Ordinary Least Squares (OLS) procedure. 
The spherical semi-variogram function is defined as follows in Eq. 4.3 (Ji et al. 2004). 
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where )(h  is the variogram function, h is the distance lag between the centroids of 
100m long and 44 m polygons.  
4.2.3.2 Maximum Likelihood Spatial Error Model 
Spatial regression model as simultaneous autoregressive (SAR) models considers 
spatial autocorrelation of residuals as an additional variable in the regression equation 
and adds the normalization effect in the estimation of the significance of independent 
variables (Ji et al. 2004). The parameters for the spatial regression models are estimated 
based on the maximum likelihood procedure. The SAR model, or the spatial error 
model, is formulated as follows in Eq. 4.4 (Erener et al. 2010; de Smith et al. 2007). 
  WyXY  (4.4) 
Where   Vector of errors with zero mean and constant variance 2 , W Proximity 
matrix   Interaction parameter or spatial autoregressive coefficient,  is the parameter 
to be estimated due to relationship between the variables. SAR provides a global 
prediction model, and it determines the coefficients which non-significantly contribute 
to the model based on a spatially oriented estimation of the standard errors of 
coefficients (Fotheringham et al. 1998). 
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4.2.3.3 Geographically Weighted Regression 
Since the relationship between the dependent variable (NDVI) and predictor variables 
can vary over space, it is also necessary to consider a local modeling technique (Miller 
et al. 2007). GWR estimates parameters across space and contributes to the 
understanding of local variations in the study area (Fotheringham et al. 2002; Brunsdon 
et al. 1996; Brunsdon et al. 1998; Foody 2003). GWR is represented in Eq. 4.5 (Zhao et 
al. 2010): 
  nn xxy ),(......),(),( 110      (4.5) 
where y  is the dependent variable; 1x  to nx  are the independent variables; 
),(  denotes the sample coordinate in space; and   is the error term. 
The parameter   is estimated from: 
yWXXWX TT ),()),((),(ˆ 1       (4.6) 
where ),(ˆ   is the estimate from  , ),( W is the weighting matrix, ensuring that 
observations near the location have greater influence than those far away. 
4.2.4 Detect the Non-direct Influence of Ground Factors Controlling 
Vegetation Cover Distribution 
4.2.4.1 Investigation of Elevation and Aspect Role in the Distribution 
Patterns of Vegetation Cover 
Elevation, aspect and slope indirectly affect the vegetation distribution by controlling 
climate and ground variables such as LST and PRECIP (Huang 2002; Jin et al. 2009). 
The regression analysis and contour color fill modeling were performed between 
elevation and NDVI of grasslands and croplands to detect the patterns of VC 
distribution. Polar modeling was used to determine the patterns of LST in relationship 
to the slope aspect and elevation.   
4.2.4.2 Investigation of the Topsoil Role in the Distribution of 
Vegetation Cover 
Prior to the construction start of BTC and SCP pipelines, the topsoil with the depth 
varying in the range of 1-8 cm was removed from the 44 m RoW, stockpiled during the 
construction period and then redistributed along the pipeline RoW after laying of the 
pipelines into trenches and backfilling subsoil (Sljivic et al. 2004). The field collection 
of 647 soil samples was performed in 2003 prior to construction to evaluate the soil 
texture and topsoil depth. According to Skrindo et al. (2004), the success of the 
revegetation significantly depends on correct redistribution of the topsoil back to the 
RoW. This is because the plant nutrients, viable propagules, mychorriza and 
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microfauna required for the vegetation growth are contained in the topsoil (Hargis and 
Redente 1984; Skrindo et al. 2004). Therefore, a quantitative assessment of NDVI of 
grasslands and croplands based on the existing data for the preconstruction soil will 
demonstrate the extent to which the NDVI of grasslands and croplands is affected by 
the topsoil depth along RoW. The Kriging method was used to interpolate the surface 
for the topsoil depth based on the field collected 647 soil samples. The regression 
analysis was conducted between NDVI of grasslands and croplands and topsoil depth. 
The relationship between the precipitation and topsoil depth was also investigated to 
better understand to what extent precipitation had a role in the formation of the topsoil 
as one of the main factors of soil formation.  
4.2.4.3 Investigation of Groundwater Depth Role in the Distribution 
Patterns of Vegetation Cover 
Vegetation growth and patterns is controlled strongly by the groundwater table 
(Stromberg et al. 1996). Groundwater supports the SM necessary for maintaining the 
vegetation root systems (Jin et al. 2011). SM depends on how close the groundwater 
depth is to the ground surface (Rodriguez-Iturbe 2000; Farmer et al. 2003; Pan et al. 
2008). The Kriging technique is used to compute the surface of the groundwater depth 
at the same spatial resolution as the MODIS NDVI image by interpolating the 
groundwater depth measurements to 250m x 250m grid (Isaacs and Srivastave 1989). 
The regression analysis between the NDVI and groundwater assesses their relationship. 
Contour color fill method models the relationship between groundwater depth, 
elevation and NDVI of grasslands and croplands. 
4.2.4.4 Investigation of the Soil Moisture Role in the Distribution of 
Vegetation Cover 
SM was collected for 156 boreholes and test pits in the process of preconstruction 
geotechnical survey along the corridor of pipelines. The range of soil depth for 
collected samples was 1-3 meters. The Inverse Distance Weighted (IDW) method was 
selected as the optimal for the interpolation of the SM surface. The regression analysis 
was used among SM, ELEV, EVATR, LST and AAT. 
4.2.5 Validation of the Predicted NDVI by the Regression Models 
The validation of the GSRM- and GWR-predicted results of NDVI for grasslands and 
croplands was performed based on the regression analysis with MODIS and IKONOS 
NDVI 2007 and modeling of polynominal trends. MODIS and IKONOS NDVI 2007 
correspond to the post-construction state of partially restored vegetation after two years 
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from construction completion. The different satellite sensors measure the intensity of 
different wavelengths of light being reflected from the earth's surface and this leads to 
different components of the reflectance spectra of vegetation and soil (Steven et al. 
2003; Gallo and Daughtry 1987; Guyot and Gu 1994). Therefore, combining NDVI 
from different sources of remotely sensed data can create difficulties (Steven et al. 
2003). One solution is the table for the intercalibration of vegetation indices between 
different sensors developed by Steven et al. (2003).  Based on that approach, the range 
of IKONOS NDVI of grasslands and croplands was intercalibrated to MODIS NDVI 
range using the linear regression as follows in Eq. 4.7. 
 
ndvindvi IKONOS*1.0720.029MODIS        (4.7) 
4.3 PREDICTION OF EROSION-PRONE AREAS ALONG THE 
CORRIDOR OF PIPELINES 
4.3.1 Development of Quantitative Universal Soil Loss Equation and 
Morgan-Morgan-Finney Erosion Predictions Models  
4.3.1.1 Development of Morgan-Morgan-Finney Erosion Prediction 
Model 
The MMF model was developed by Morgan et al. (1984) for the prediction of soil loss 
from field-sized areas on hill-slopes. The MMF model used the concepts proposed by 
Meyer and Wischmeier (1969) and Kirkby (1976) to provide a stronger physical base 
than USLE (Wischmeier and Smith, 1978) and to retain the advantages of an empirical 
approach by simplifying the approach and the needed data. (Morgan 2001). The model 
separates the soil erosion process into the water and sediment phases (Yazidhi 2003; 
Morgan 2005). The water phase involves prediction of detachment by rain splash. The 
sediment phase comprises two computations; one for the rate of splash detachment and 
one for the transport capacity of overland flow (Jasrotia et al. 2006; Li et al. 2010; 
Behera et al. 2005; Lopez-Vicente et al. 2008). GIS is a powerful land-use management 
instrument simplifying the process of erosion prediction modeling, but the quality of 
the results corresponds to the quality of the input data (Svorin 2003). Table 4.2 - 4.5 
summarize the GIS input parameters needed to run the MMF model and sources for the 
generation of these parameters. Fig. 4.4 presents the flow of parameters input for the 
MMF model. MMF model was developed with the pixel resolution of 4m x 4m. Input 
parameters with higher pixel resolution were also resampled to 4 m before development 
of the MMF model. 
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Fig. 4.4 Flow chart showing the data input and methods in soil erosion prediction using Morgan-Morgan-
Finney model 
 
Table 4.2 Input parameters for the prediction of potential soil loss using Morgan-Morgan-Finney model 
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INPUT 
PARAMETER 
DESCRIPTION DATA SOURCE/METHODS SPATIAL RESOLUTION (m), 
POSITIONAL ACCURACY (m, 
RMSE), PREDICTION ERROR 
FOR CONTINUOUS SURFACE 
SM Soil moisture 
content at field 
capacity or 1/3 bar 
tension (% w/w) 
Field measured samples for 156 boreholes and test 
pits from geotechnical pre-construction survey for 
pipeline routing. Geostatistical Kriging technique 
was applied to grid the values of field collected 
samples for the application in the prediction 
models of soil degradation (Lin et al. 2002; 
Elgubshawi 2008) 
Spatial Resolution:  4 m 
Positional accuracy of field 
samples measurements: +/- 5m 
(RMSE) 
Prediction error for continuous 
MS surface: 0.07 
 
BD Soil bulk density 
(Mg/m) 
Based on typical values for soil parameters for the 
MMF model (Morgan–Duzant version) by Morgan 
et al. (2008) 
Spatial Resolution: 4 m 
Positional accuracy of field 
samples measurements: +/- 5m 
(RMSE)  
Prediction error for continuous 
BD surface: 0.06 
RD Rooting depth (m) Based on land-use parameters used in soil erosion 
modeling by Baruti (2004) 
Spatial Resolution: 4 m 
Positional accuracy of field 
samples measurements: +/- 5m 
(RMSE) 
Prediction error for continuous 
RD surface: 0.01 
K Soil detachability 
index (g/J) 
Collected 647 samples with typical particle size 
distributions for the soil texture classes along 
pipelines. Computation of soil erodibility based on 
the relationship developed by Römkens et al. 
(1988). Geostatistical Kriging technique was 
applied to grid the values of field collected 
samples for the application site (Lin et al. 2002; 
Elgubshawi 2008) 
Spatial Resolution: 4 m 
Positional accuracy of field 
samples measurements: +/- 5m 
(RMSE) 
Prediction error for continuous 
K surface: 0.05 
 
Et/E0 Ratio of actual (Et) 
to potential (E0) 
evapotranspiration 
Actual (Et) developed by Mu et al. (2007) was 
used in this research. The MOD16 Et datasets are 
estimated using Et algorithm described in Mu et al. 
(2007). The ET algorithm is based on the Penman-
Monteith equation (Monteith 1965). E0 is 
described in Zomer et al. (2008). 
Spatial Resolution: 4 m 
Positional accuracy:  
 
A Rainfall 
intercepted by the 
vegetation and 
crop residue (%) 
Based on land-use parameters used in soil erosion 
modeling by Baruti (2004) 
N/A 
C Crop cover 
management 
factor 
VC for non-agricultural and pastures was 
generated based on NDVI of IKONOS 2007 
satellite images and ground truth data of estimated 
VC percentage.  
For the agricultural lands, the average annual C-
factor values proposed by Wischmeier and Smith, 
1978; Morgan, 1995) were assigned to the 
cultivated vegetation types.  
For non-agricultural and pasture 
lands: 
Spatial Resolution: 4 m 
Positional IKONOS NDVI 
accuracy: +/- 2m (RMSE) 
Normalized VC Grid accuracy: 
+/-15% (RMSE) 
For agricultural lands: 
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Table 4.3 Input soil parameters for Morgan-Morgan-Finney and Universal Soil Loss Equation erosion 
prediction models 
SOIL TYPE BULK DENSITY SOIL ERODIBILITY FACTOR 
Clay 1.1 0.15 
Clay loam 1.3 0.28 
Clay loam with stones 1.3 0.28 
Loamy sand 1.4 0.18 
Sand 1.5 0.13 
Sandy clay 1.4 0.15 
Sandy clay loam 1.4 0.25 
Sandy loam 1.2 0.28 
Silt 1.3 0.6 
Silt loam 1.3 0.5 
Silty clay 1.3 0.25 
Silty clay loam 1.3 0.35 
 
Table 4.4 Land-use parameters used in Morgan-Morgan-Finney erosion prediction model 
LAND-USE TYPE ROOTING DEPTH RAINFALL INTERCEPTED BY THE 
VEGETATION AND CROP RESIDUE (%) 
Bareland 0.09 0.00 
Croplands 0.12 0.25 
Pasture 0.14 0.33 
Grasslands 0.14 0.33 
Shrubs 0.12 0.25 
Forest 0.12 0.25 
 
The operating functions for the MMF approach are: 
Water phase: 
I) log*8.7(11.9*RE           (4.8) 
where E = kinetic energy of the rainfall (J/m
2
), R = annual rainfall (mm), I = typical 
value of the intensity of erosive rain (mm/h) 
 
N/A 
Ra Annual rainfall 
(mm) 
Annual PRECIP were acquired from the 
WorldClim – Global Climate Data. These data 
were developed through the interpolation of 
average monthly climate data from weather 
stations in each country to a 30 arc-second 
resolution grid or 1 km2 spatial resolution 
(Hijmans et al. 2005). 
Spatial Resolution: 1 km 
Positional accuracy: uncertain   
Prediction error for continuous  
Ra  surface: uncertain 
Rn Number of rain 
days in the year 
Azerbaijan meteorological stations along pipelines   Spatial Resolution: 1 km 
Positional accuracy of stations: 
+/- 5 m 
Prediction error for continuous 
Rn surface: 0.1 
I Typical value for 
intensity of 
erosive rain 
(mm/h) 
Recommended value of 75 mm/h by Wischmeier 
and Smith (1978) 
N/A 
I30 Typical 30-minute 
intensity of the 
erosive rain 
(mm/h) 
Recommended value of 25 mm/h by Wischmeier 
and Smith (1978) 
N/A 
S Slope gradient  
(radians) 
Digital Elevation Model (DEM) generated from 
stereo aerial photography  
Spatial Resolution: 4 m 
DEM Horizontal and Vertical 
Accuracy: +/- 1 m (RMSE) 
R0 Mean rain per 
erosive rain day 
(mm) 
Derived based on the ratio of Ra to Rn N/A 
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)/RR( 0cexp*RQ
    (4.9)          5.0)/E(E*RD*BD*SM*1000R 0tc    (4.10)               
na RR /R0    (4.11) 
where Q = volume of overland flow (m), Rn = number of rainy days in the year, Ra = 
annual rainfall (mm), Et/Eo = ratio of actual (Et) to potential (Eo) evapotranspiration, 
SM = soil moisture content in the field capacity or 1/3 bar tension (%, w/w), BD = bulk 
density of the top soil layer (mg/m), RD = top soil rooting depth (m). 
Sediment phase: 
3*A0.05 10*)e*(E*KF    (4.12) 
where F = rate of detachment by raindrop impact (kg/m
2
), K=soil detachability index 
(g/J), E= kinetic energy of the rainfall (J/m), A= percentage of rainfall contributing to 
permanents interception and stem flow (%). 
32 10*sinS*Q*CG   (4.13) 
where G transport capacity of overlain flow (kg/m), C=crop cover management factor, 
S=steepness of ground slope (radians). 
The cover-management factor (C) is one of the most important variables because soil 
organic cover is a major determinant of the success of restoration processes (Fernandez 
et al. 2010; Pierson et al. 2001; Pannuk et al. 2003; Benavides-Solorio et al. 2005; Vega 
et al. 2005; Wagenbrenner et al. 2006; Fernandez et al. 2007). VC plays an important 
role by minimizing the impact of each raindrop (Suriyaprasit 2008). 
Performance of soil erosion models can be improved using remotely-sensed spatial data 
about vegetation parameters (De Asis and Omasa, 2007; De Asis et al. 2008; De Jong 
1994; De Jong et al. 1999; Jain et al. 2002; Meusburger et al. 2010). In the present 
studies, C factor was computed based on VC percentage along RoW. C-factor value 
decreases exponentially with increasing VC percentage and is computed using Eq. 4.14. 
NDVI is the most widely used of all vegetation indices and it requires data from the red 
and near-infrared portions of the electromagnetic spectrum (Lunetta 1999; Dafalla 
2006; Muzein 2006; Sulieman 2008). VC percentage was computed using Eq. 4.15 
derived from the regression analysis between IKONOS NDVI and in-situ estimations 
of VC percentage for 96 transects along RoW of pipelines (Bayramov 2009). C-factors 
recommended by Wischmeier and Smith (1978) and Morgan (1995) were assigned to 
the croplands since the accurate data of the land parcels was available along RoW of 
pipelines (Table 4.5). 
COVaeC .% (4.14) 
VC = (NDVI + 0.0282) / 0.0038 (4.15) 
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Table 4.5 Landuse types, areas and assigned C-factor along Right-of-Way of pipelines (Adapted from 
Wischmeier and Smith 1978; Morgan 1995) 
LANDUSE AREA (sq. m.) AREA (%) CROP COVER MANAGEMENT FACTOR 
Rangelands 16390117.38 34.20 
Computed based on NDVI to VC equation 
Pasture 7884432.37 16.45 
Bareland 3330397.42 6.95 
Determined based on NDVI to VC equation and C-factor = 1 
was assigned to VC = 0% 
Apple 5932.30 0.01 0.11 
Apricot 9766.17 0.02 0.11 
Broom 736658.55 1.54 0.1-0.4 
Cabbage 17093.02 0.04 0.1-0.4 
Cherry 2521.61 0.01 0.11 
Corn 254986.45 0.53 0.40 
Cotton 191022.57 0.40 0.40-0.70 
Fig 493.78 0.00 0.11 
Forest 99640.56 0.21 0.001-0.004 
Garlic 15343.42 0.03 0.1 - 0.7 
Grape 30857.41 0.06 0.11 
Irrigated Grazing 852221.62 1.78 0.11 
Lucerne 5439509.15 11.35 0.1 - 0.7 
Medlar 14699.94 0.03 0.11 
Melons and Gourds 623811.66 1.30 0.1 - 0.7 
Mulberry 45027.53 0.09 0.11 
Onion 43102.85 0.09 0.10-0.50 
Pear 4117.24 0.01 0.1-0.4 
Plum 2768.90 0.01 0.1-0.4 
Potato 1152120.71 2.40 0.10-0.50 
Sunflower 262555.37 0.55 0.1 - 0.7 
Vegetables 909505.79 1.90 0.1 - 0.7 
Wheat 8270239.44 17.26 0.10-0.40 
White poplar 5772.92 0.01 0.001-0.004 
Water 886681.37 1.85 0 
Industrial 443827.02 0.93 1 
TOTAL AREA 47925224.52 100  
4.3.1.2 Development of Universal Soil Loss Equation Erosion Prediction 
Model 
Application of the USLE erosion prediction model (Renard et al. 1997) was based on 
the procedure described by Wischmeier and Smith (1978) to estimate soil loss by the 
Eq. 4.16 (Wolf 2006). 
P*C*LS*K*RA    (4.16) 
where A = the rate of soil loss (t/ha), R = a factor for annual rainfall erosivity 
(MJ.mm/ha.h), K = a factor for soil erodibility (g/J), LS = the topographic factor, C = 
vegetative cover factor, P = erosion control practice factor. Fig. 4.5 and Table 4.6 
presents the flow of parameters input for USLE model. 
 
 
Fig. 4.5 Flow chart showing the data input and methods in soil erosion prediction using Universal Soil 
Loss Equation model 
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Table 4.6 Input parameters for the prediction of potential soil loss using Universal Soil Loss Equation 
erosion prediction model 
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INPUT 
PARAMETER 
 
DESCRIPTION DATA SOURCE/METHODS SPATIAL RESOLUTION (m), 
POSITIONAL ACCURACY (m, RMSE), 
GRID ACCURACY 
R Rainfall erosivity factor Derived through the rapid method of R 
estimation equation from Laws and 
Parsons (1943) multiplied by  the amount 
of erosive rainfall (mm) and typical 30-
minute intensity of the erosive rain  
Spatial resolution: 1km 
Positional accuracy: uncertain 
R Grid accuracy: uncertain 
K Soil detachability index 
(g/J) 
Collected 647 samples with typical 
particle size distributions for the soil 
texture classes along pipelines. 
Computation of soil erodibility based on 
the relationship developed by Römkens 
et al. (1988). . Geostatistical Kriging 
technique was applied to grid the values 
of field collected samples for the 
application site (Lin et al. 2002; 
Elgubshawi 2008) 
Spatial Resolution: 4 m 
Positional accuracy of field samples 
measurements: +/- 5m (RMSE) 
Prediction error for continuous K 
surface: uncertain 
 
C Crop cover management 
factor 
VC for non-agricultural and pastures was 
generated based on NDVI of IKONOS 
2007 satellite images and ground truth 
data of estimated VC percentage.  
For the agricultural lands, the average 
annual C-factor values proposed by 
Wischmeier and Smith, 1978; Morgan, 
1995) were assigned to the cultivated 
vegetation types.     
For non-agricultural and pasture 
lands: 
Spatial Resolution: 4 m 
Positional IKONOS NDVI accuracy: 
+/- 2m (RMSE) 
Normalized VC Grid accuracy: +/-
15% (RMSE) 
For agricultural lands: 
N/A 
P Erosion control practice 
factor grid 
Default value of 1 because of no erosion 
control practice along RoW 
N/A 
LS Topographic factor Digital Elevation Models generated from 
aerial photography (spatial resolution: 4 
meters) 
Spatial Resolution: 4 m 
DEM Accuracy: +/- 1 m (RMSE) 
Peros Amount of erosive 
rainfall (mm) 
40 percent of the mean annual rainfall 
(Hudson 1995) 
N/A 
I30 Typical 30-minute 
intensity of the erosive 
rain (mm/h) 
Recommended value of 25 mm/h by 
Wischmeier and Smith (1978) 
N/A 
I Typical value for 
intensity of erosive rain 
(mm/h) 
Recommended value of 75 mm/h by 
Wischmeier and Smith (1978)  
N/A 
Ra Annual rainfall (mm) Annual PRECIP was acquired from the 
WorldClim – Global Climate Data. 
These data were developed through the 
interpolation of average monthly climate 
data from weather stations in each 
country to a 30 arc-second resolution 
grid or 1 km2 spatial resolution (Hijmans 
et al. 2005). 
Spatial resolution: 1km 
Positional accuracy:  
Ra Grid accuracy: uncertain 
 
Since data was not available from rainfall recording stations, a rapid estimate of the R 
factor was obtained from: 
3010eros I*I)0.0873log(0.119PR   (4.17) 
where I = rainfall intensity (mm/h), Peros = the amount of erosive rainfall (mm), I30 = a 
typical 30-minute intensity of the erosive rain (mm/h). 
Soil erodibility describes the vulnerability of the soil to detachment and transport 
caused by raindrops and runoff (Erdogan et al. 2007). Field assessments of typical 
particle size distributions for the soil texture classes were made by hand-texturing 647 
sample sites along RoW.  Using these data, soil erodibility was computed based on the 
relationship developed by Römkens et al. (1998) through the Eq. 4.18 and 4.19.  
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where Dg = geometric mean particle diameter (mm), where if  = percentage weight of 
particle-size fraction i , im = arithmetic mean of particle-size fraction i (mm), n = 
number of particle-size fractions. 
Among the factors affecting soil erosion, soil loss is very sensitive to VC and 
topographical factors (Renard et al. 1993). Flow direction, flow accumulation and slope 
are computed using DEM of 4 m spatial resolution and applied in Eq. 4.20. 
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C factor was developed using the same method as for MMF. Since there are no erosion-
control measures in place, P is equal to 1. USLE model was developed with the pixel 
resolution of 4m x 4m. Input parameters with higher pixel resolution were also 
resampled to 4 m before development of the USLE model. 
The results of soil loss predictions by erosion models were quantified in accordance 
with the erosion classes proposed by Morgan et al. (2004) in Table 4.7 to perform 
further analysis. 
 
Table 4.7 Erosion severity classes (Morgan et al. 2004) 
EROSION 
CLASS 
VERBAL 
ASSESSMENT 
EROSION 
RATE (T/HA) 
VISUAL ASSESSMENT 
1 Very slight < 2 No evidence of compaction or crusting of the soil. No wash 
marks or scour features. No splash pedestals or exposed roots 
or channels. 
2 Slight 2-5 Some crusting of soil surface. Localized wash but no or 
minor scouring. Rills every 50-100m. Small splash pedestals 
where stones or exposed roots protect underlying soil. 
3 Moderate 5-10 Washmarks. Discontinuous rills spaced every 20-50m. Splash 
pedestals and exposed roots mark level of former surface. 
Danger of pollution problems downstream. 
4 High 10-50 Connected and continuous network of rills every 5-10m or 
gullies spaced every 50-100m. Washing out of seeds and 
young plants. Reseeding may be required. Danger of 
pollution and sedimentation problems downstream. 
5 Severe 50-100 Continuous network of rills every 2-5m or gullies every 20m. 
Access to site becomes difficult. Re-vegetation work 
impaired and remedial measured required, damage to roads 
by erosion and sedimentation. Siltation of water bodies. 
6 Very severe 100-500 Continuous network of channels with gullies every 5-10m 
surrounding soil heavily crusted. Integrity of the pipeline 
threatened by exposure. Severe siltation, pollution and 
eutrophication problems. 
7 Catastrophic > 500 Extensive network of rills and gullies; large gullies (> 10000 
m2) every 20m. Most of original surface washed away 
exposing pipeline. Severe damage from erosion and 
sedimentation on site and downstream. 
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4.3.2 Methods of Statistical Processing for Quantitative Assessment of 
Morgan-Morgan-Finney and Universal Soil Loss Equation Erosion 
Prediction Models 
4.3.2.1 Quantitative Assessment of Differences and Validation of 
Erosion Prediction Accuracy of the Morgan-Morgan-Finney and the 
Universal Soil Loss Equation Erosion Prediction Models 
Pair-sample t-Test and Pearson product momentum correlation were computed between 
the pixel soil loss values of MMF and USLE spatial grids. This provided quantitative 
differences between soil loss predictions of two erosion models. Descriptive statistics 
were used in the present studies to evaluate how the USLE and MMF models differed 
in terms of minimum, maximum and mean values, standard deviation, COV based on 
the computations from soil loss values of pixels in both models.  
The everyday patrolling of the RoW of pipelines by horses and vehicles began right 
after the completion of pipelines construction in 2005 for the in-situ determination and 
inspection of erosion occurrences along RoW of pipelines. This is regularly performed 
to record erosion occurrences along RoW of pipelines for the prevention of pipeline 
corrosion or third-party intervention risks by open surface of pipelines. In total, 316 
erosion occurrences sites have been recorded through the in-situ visual inspections 
along RoW during the period of 2005-2012 (Fig. 4.6(a; b)). The erosion occurrences 
were measured using handheld Trimble GPS system with the accuracy of +/- 1 meter 
(RMSE). These erosion occurrences were used as the ground-truth data to assess the 
qualitative prediction accuracy and reliability for the spatial distribution of the USLE- 
and MMF- predicted critical erosion classes along RoW of pipelines. The validation of 
quantitative soil loss predictions was performed using 48 field erosion plots installed in 
2005 after the completion of construction. The size of field erosion plots was 22 m long 
and 1.8m wide. The measurements of erosion rates were performed based on the 
quarterly repeated soil loss measurements from 2005 till 2007 (Fig. 4.6(a; b)). 
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Fig. 4.6(a) Erosion occurrences collected in the period of 2005-2012 and field erosion plots measured in 
the period of 2005-2007 along Right-of-Way of BTC&SCP pipelines; (b) examples of erosion 
occurrences along Right-of-Way of pipelines 
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USLE and MMF models were also validated based on the pipeline segments developed 
by the division of pipeline using pipe joints. The distance between pipe joints is 11 
meters. The pipeline segments affected by erosion occurrences were spatially 
identified. The average USLE - and MMF - predicted soil loss was determined for the 
erosion-prone pipeline segments. The number of segments with the average soil loss 
more than 10 t/ha having higher probability of erosion occurrences was counted for 
USLE and MMF models. The regression analysis between the average USLE - and 
MMF - predicted soil loss for pipeline segments with in-situ identified erosion 
occurrences were performed to understand how different the predictions of these 
models on the level of erosion-prone segments identified by the actual erosion 
occurrences. 
 
4.3.2.2 Classification of Geomorphometric Elements (slopes, 
elevations, aspects, terrain curvature), Vegetation Cover Percentages 
and Land-use and Determination of Spatial Variations 
Slopes gradients were computed using DEM of 4m spatial resolution and were 
classified in accordance with the following slope angle ranges recommended by 
Morgan et al. (2004): 0-2.86° (Low), 2.86°-4.57° (Gentle), 4.57°-5.71° (Slightly 
rolling), 5.71°-9.09° (Rolling), 9.09°-16.70° (Hilly), >16.70° (Mountainous). Elevation 
was classified in the interval of 50 m using DEM of 4m spatial resolution. Terrain 
curvature types were computed using DEM of 4m spatial resolution and classified into 
concave, convex and flat forms. Aspects were calculated using DEM of 4 m spatial 
resolution and classified in accordance with the following standard aspect ranges: 
North (0-22.5°), Northeast (22.5°-67.5°), East (67.5°-112.5°), Southeast (112.5°-
157.5°), South (157.5°-202.5°), Southwest (202.5°-247.5°), West (247.5°-292.5°), 
Northwest (292.5°-337.5°) and North (337.5°-360°). Developed VC percentage was 
classified with the interval of 10%. Land-use was categorized into croplands, 
grasslands and pastures.  
For the evaluation of spatial variations of the USLE and the MMF erosion prediction 
models within the abovementioned categories of geomorphometric elements of terrain 
(slope, elevation, aspect, terrain curvature), vegetation cover percentage classes and 
landuse, the standard deviation and mean values of the predicted soil loss values by 
MMF and USLE erosion models were determined using descriptive statistics for further 
computation of COV. COV is defined as the ratio of the standard deviation σ to the 
mean μ. 
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Erosion occurrences accurately predicted by the USLE and the MMF erosion models 
and their total count of 316 were quantified within the categories of geomorphometric 
elements of terrain (slope, elevation, aspect, terrain curvature), vegetation cover 
percentage classes and landuse. This allowed to understand how the spatial variations 
of the USLE and the MMF erosion prediction models contribute to the prediction 
reliability of in-situ collected erosion occurrences. 
The results of soil loss predictions by erosion models were also reclassified into the 
following erosion classes recommended by Morgan et al. (2004) for the quantification 
and mapping purposes of erosion classes in tons per hectare per year along RoW of 
pipelines: Very slight (< 2), Slight (2-5), Moderate (5-10), High (10-50), Severe (50-
100), Very severe (100-500), Catastrophic (> 500). 
4.3.2.3 Limitations in Data for the Improvement and Validation of Soil 
Loss Predictions 
Since the input variables were acquired from various sources with different accuracies, 
uncertainties in the developed MMF and the USLE models were inevitable. The 
geographic positions were the only parameter measured for in-situ collected erosion 
occurrences in the period of 2005-2012. Field measurements of soil loss were not 
performed at erosion occurrences and this limited the possibility to evaluate the 
quantitative soil loss predictions by the USLE and the MMF erosion prediction models. 
 
4.4 COMPARISON OF QUALITATIVE AND QUANTITATIVE 
METHODS FOR PREDICTION OF EROSION-PRONE AREAS WITHIN 
TERRAIN UNITS 
4.4.1 Modeling and Validation of Multi-criteria Assessment of Erosion-
prone Areas  
MCA1 (VC < 70%, SG > 8%, K>0.27) and MCA2 (VC < 70%, K>0.27, Land-use = 
Croplands) were computed using GIS-based multi-criteria assessment. The criteria 
were adapted using the bio-engineering criteria adapted from Zachar (1982), 
Wischmeier & Smith (1978) and Odemerho (1986). There is nothing particular novel 
about MCA using GIS, but its application to revegetation has been rarely exploited 
(Apan et al. 2004). The current state of knowledge does not enable a mathematical 
definition of the relationship among SG, K, land-use and soil loss. The SG and K at 
which maximum soil loss occurs depend on soil and topographic position. Based on the 
studies conducted by Wischmeier & Smith (1978) and Odemerho (1986), it is 
important to use a somewhat conservative approach that prevents from the unrealistic 
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definition of minimum SG and K criteria for the MCA. It is obvious that from the 
aspects of bio-engineering there are certainly more parameters which should be taken 
into account but this approach provides a rough estimation considering basic 
parameters as SG, VC and K factors. Estimations of soil loss by Wischmeier & Smith 
(1978) and Odemerho (1986) was performed on a 100-m long, bare soil slope without 
erosion-control measures for the 1-hour 10-year return storm at Yopal, Colombia, with 
different gradients of slope steepness and soil types. These studies revealed that 10 t/ha 
of soil loss has the higher probability of occurrence in the areas with SG > 8% and 
K>0.27. The SG within the TUs were quantified in percentages from DEM of 4 m 
spatial resolution and classified in accordance with the following SG: Level (0-2.86°), 
Gentle (2.86°-4.57°), Slightly rolling (4.57°-5.71°), Rolling (5.71°-9.09°), Hilly (9.09°-
16.70°), Mountainous (>16.70°). VC developed and discussed in the previous items 
was quantified within TUs. Based on the bio-engineering criteria adapted from Zachar 
(1982) (Table 4.8), it is recommended to have VC > 70 % to reduce the soil loss to 
10t/ha. It is also known that erosion-proneness increases because of the anthropogenic 
agricultural activity, that‟s why croplands were also included as one of the criteria for 
MCA2. Therefore the criteria used as input parameters for MCA1 were „VC < 70%, SG 
> 8%, K>0.27‟ and „VC < 70%, K>0.27, Land-use = Croplands‟ for MCA2. The 
predictions of erosion-prone areas by MCA models were validated using in-situ 
collected 316 erosion occurrences. 
 
Table 4.8 Recommended Erosion Control Classes for Bioengineering (Adapted from Zachar 1982) 
EROSION 
CATEGORY 
DESCRIPTION SOIL LOSS 
(t/a/yr) 
EROSION STATE 
A Very slight to 
Slight 
<10 Vegetation cover >70% of surface.  Some crusting of exposed 
soil.  Localized, wash but no minor scouring, no channels.  
Small splash pedestals where stones or exposed roots protect the 
underlying soil.  Satisfactory performance if achieved within 1-2 
years. 
B Moderate 10-30 Vegetation cover 25-70%.  Wash marks.  Discontinuous micro-
channels up to 5 cm deep. .  Small splash pedestals where stones 
or exposed roots mark former surface.  Pollution problems 
downstream include eutrophication of water bodies. Satisfactory 
performance if achieved within 6 months to 1 year. 
C Severe 30-50 Vegetation cover 25-75% of surface.  Connected and 
discontinuous active network of channels up to 10cm deep.  
Plants washed out of fields.  Damage to roads by erosion and 
sedimentation.  Siltation and eutrophiction of water bodies.  
Unacceptable condition. 
D Very Severe >50 Less than 25% vegetation cover.  Continuous active network of 
channels up to 25cm deep with occasional deeper gullies.  
Surrounding soil heavily crusted.  Severe siltation, pollution, and 
eutrophication. Unacceptable condition. 
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K describes the vulnerability of the soil to detachment and transport caused by 
raindrops and runoff (Erdogan et al. 2007). Field assessment of typical particle size 
distribution for the soil texture classes were made by hand texturing for 647 sample 
sites along On-RoW.  Using these data, K was computed based on the relationship 
developed by Römkens et al. (1988) via Eq. (4.21) and Eq. (4.22). Spatial surface of K 
factor distribution was modeled using geostatistical kriging technique. 
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where Dg = geometric mean particle diameter (mm), defined by 
where if  = percentage weight of particle-size fraction i , im = arithmetic mean of 
particle-size fraction i (mm), n = number of particle-size fractions. 
4.4.2 Quantification of Multi-criteria Assessment within Terrain Units 
and Determination of Correlation with Erosion Occurrences and 
Universal Soil Loss Equation and Morgan-Morgan-Finney Predicted 
Erosion-prone Areas within Terrain Units 
The results of MCA1 - and MCA2 - predicted erosion-prone areas were quantified 
within TUs. Lee and Shilston (2001) developed TUs prior to the construction of 
pipelines as a base for the analysis of geohazard and geotechnical aspects for pipeline 
constructability. TUs are considered to be suitable land units for assessing both current 
erosion condition and predicting risk since they are significantly different from each 
other in their K, SG and VC, and within each of the TUs they have particular spatial 
relationship (Morgan et al. 2004; Robinson et al. 2004; Goudie 2004). TUs and their 
description are presented in Fig. 4.7 and Table 4.9. The predictions of erosion-prone 
areas by MCA1 and MCA2 were validated using correlation analysis with the number 
of erosion occurrences within TUs and erosion-prone areas predicted by USLE and 
MMF erosion models. 
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Fig. 4.7 Map of terrain units along the corridor of BTC&SCP pipelines 
 
Table 4.9 Description of terrain units along the corridor of pipelines (Right-of-Way Area and Right-of-
Way Length within terrain units, description, geological characteristics) 
TERRAIN 
UNITS 
DESCRIPTION  OF 
TERRAIN UNITS 
GEOLOGICAL CHARACTERISTICS OF 
TERRAIN UNITS 
AREA OF 
RIGHT-OF-
WAY (sq. km.) 
LENGTH 
OF RIGHT-
OF-WAY 
(m) 
VIIIa Piedmont plain; river terrace 
complex. 
Quaternary clay, sand, loam, coarse gravel 1.26750 28622 
VIIId Kura river: braided gravel-
bed channel 
Quaternary rare loam, clay, sand, coarse gravel 0.06182 1131 
VIIIg Hills: uplifted and folded Tertiary gypsiferous clay, marl, sst, conglom, volc 
ash-faulted and folded, NW-SE structural trend 
0.07359 1318 
VIIIm Alluvial fans and plains Quaternary loess, coarse gravel, sand, loam, clay, 
saline soils, loess, Braided rivers included 
10.87298 241855 
VIIIm* Dissected alluvial fans and 
plains 
Quaternary loess, coarse gravel, sand, loam, clay, 
saline soils, loess 
0.36229 8272 
VIIIn Hills & foothills Quaternary -Tertiary conglom, coarse gravel, 
sand, loam 
0.21014 4801 
VIIIo Escarpment Tertiary conglom, sst, loam, clay 0.05994 1290 
VIIIp Alluvial terrace Quaternary loam, coarse gravel, sand, saline soils 0.48187 10871 
VIIIq Alluvial plain Quaternary saline soils, coarse gravel, loam, 
conglom, sands, clays 
2.87254 64767 
VIIIr Kura River floodplain: 
meandering channels 
Quaternary sand, silt, clay, organic matter, coarse 
gravel, loam 
0.49144 10646 
VIIIs Kura River: backswamps 
and marshes 
Quaternary, lacustrine, alustrine deposits, silts, 
clays, organic matter, saline soils 
0.34618 7700 
VIIIt Alluvial plains Quaternary coarse gravel, sand, loam, clay, saline 
soils 
1.48816 31924 
XVa Coastal plain, flat plain 
crossed by wadi channels; 
some piping and collapse of 
sink holes 
Quaternary sands, shells, coarse gravel, loam, 
conglom, sabka 
0.27427 6650 
XVb Steep to very steep gullied 
hills 
Tertiary; shale, siltstone, marls, dolomites, clays, 
volcanic ash; faulted and folded unconformities 
0.36397 10043 
XVd Alluvial fans and plain Quaternary shells, sands, coarse gravel, loam 0.45861 11851 
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4.5 GEOGRAPHICAL INFORMATION SCIENCE, REMOTE SENSING 
AND STATISTICAL SOFTWARE USED FOR GEOSPATIAL ANALYSIS  
Erdas Imagine from Integraph & Erdas was used for the spectral processing of satellite 
images. ArcGIS and its extensions as Spatial Analyst, 3D Analyst and Geostatistical 
Analyst from Environmental Systems Research Institute (ESRI) were used for the 
geospatial analysis of spatial GIS data. SPSS from IBM, Geoda from Dr. Luc Anselin 
at Arizona State University and ArcGIS Spatial Statistics tool as Geographically 
Weighted Regression  from Environmental Sciences Research Institute (ESRI) were 
used for spatial statistical analysis. 
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5. RESULTS 
5.1 EVALUATED NDVI TO VEGETATION COVER RELATIONSHIP AND 
NORMALIZED NDVI TO VEGETATION COVER PERCENTAGE 
5.1.1 Determined Vegetation Cover Peak Seasons along Right-of-Way 
and Acquired High-resolution Multispectral IKONOS Satellite Images 
The results of vegetation peak analysis for the pre-construction status of VC in 2003 
showed that vegetation peak periods differed along the corridor of pipelines, as 
presented in Fig. 5.1(a, b). Modeling of vegetation peak allowed for the approximation 
of vegetation peak periods, shown in Table 5.1, and the preferable acquisition of 
IKONOS satellite images in accordance with these time frames as it is presented in Fig. 
5.1(a). 
 
Fig. 5.1(a) Period of vegetation peak in 2003 along On-Right-of-Way and acquired IKONOS satellite 
images along Right-of-Way in 2007; (b) MODIS NDVI 2003 pixel values extracted for points of interest 
along Right-of-Way of pipelines 
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Table 5.1 Periods of vegetation peak for imagery acquisition along kilometer ranges of Right-of-Way 
PIPELINE RANGE (KM) PERIODS OF VEGETATION PEAK FOR 
IMAGERY ACQUISITION 
0 - 159 April 
159-271 May 
271-344 July 
344-379 June 
379-442 May 
5.1.2 Results of NDVI to Vegetation Cover Validation by Linear 
Regression and Normalized NDVI to Vegetation Cover Percentage 
The spatial location of transects with estimated VC percentage is presented in Fig. 5.2. 
Linear regression analysis was used to examine four scenarios with a different number 
and distribution of transects containing average NDVI values derived from IKONOS 
2007 satellite imagery and in-situ estimations of VC percentage for 2007. The first 
regression analysis included all ground reference data (96 transects) and showed a low 
correlation between NDVI and ground reference data with an R
2
 value equal to 0.53. In 
the subsequent regression analyses, those transects which showed low correlation were 
omitted and RMSE of VC percentage for omitted transects were iteratively evaluated. 
The results of the regression and RMSE analysis are presented in Table 5.2.  
 
 
Fig. 5.2 Spatial distribution of transects along Right-of-Way of pipelines 
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Table 5.2 Results of regression and RMSE analysis between IKONOS derived NDVI and in-situ 
estimations of vegetation cover percentage in 2007 
SEQUENCE OF 
EXPERIMENTS  
NUMBER OF 
TRANSECTS 
R-SQUARE OMITTED 
TRANSECTS 
RMSE OF OMITTED 
TRANSECTS (%) 
1 96 0.53 - - 
2 83 0.80 13  6 
3 76 0.90 20 18 
4 68 0.94 28 13 
 
The results of regression analyses between the IKONOS-derived average NDVI values 
and ground reference data showed that the optimum R
2
 value was 0.80 since it resulted 
in the lowest RMSE for the omitted transects (Fig. 5.3). The resulting regression Eq. 
(5.1) was used for the normalization of NDVI to VC. These results show that the 
number and distribution of ground reference data influence the regression model and 
map accuracy (Ormeci et al. 2009; de Asis et al. 2007). This study demonstrates that an 
accurate analysis requires an iterative process and should not depend solely on the 
result of R
2
 value. RMSE of the omitted field transects or other collected ground 
control data should be assessed to achieve the appropriate accuracy of the regression 
model.  
 
 
Fig. 5.3 Regression analysis between IKONOS derived NDVI and in-situ estimations of vegetation cover 
in 2007 
 
VC = (NDVI + 0.0282) / 0.0038          (5.1) 
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5.1.3 Quantified Vegetation Cover Spatial Distribution along On-Right-
of-Way and Restored Vegetation Cover Level by 2007 
Fig. 5.4 presents the model of VC percentage along the entire 442 km RoW. Since it 
was difficult to present details on one map of this scale, Fig. 5.4 additionally includes 
two arbitrarily selected sample areas with details along RoW.  
Quantification of VC percentage along RoW is presented in Fig. 5.5. It is possible to 
observe that major area of RoW is covered by 90-100% of VC. Quantification of VC 
percentage within agricultural land-use is presented in Fig. 5.6(a) and as it can be 
observed major area of 90-100% VC percentage is located within agricultural land-use. 
Quantification of VC percentage within non-agricultural and pasture land-use types can 
be observed in Fig. 5.6(b; c). 
 
 
Fig. 5.4 Spatial distributions of vegetation cover percentages along Right-of-Way for the entire 
Azerbaijan section of pipelines and in the detailed images for two sample areas 
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Fig. 5.5 Quantification of vegetation cover percentage along Right-of-Way for the entire Azerbaijan 
section of pipelines 
 
 
Fig. 5.6 Quantification of vegetation cover percentage along Right-of-Way within (a) agricultural; (b) 
non-agricultural; (c) pasture land-use types 
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A simulation model comparing the original VC along On-RoW based on the Off-RoW 
interpolated non-disturbed VC from 2007 was used to determine the percentages of VC 
restored to acceptable level within the original VC percentage classes.  The results are 
presented in Fig. 5.7 (a-e) and Fig. 5.8. The findings show that 8.9 million sq. m. of 
territory out of 19.6 million sq. m. has been restored in the period of 2005-2007 and 
10.7 million sq. m. still requires restoration to comply with environmental acceptance 
criteria. 
 
 
Fig. 5.7 (a) Area of restored vegetation cover percentage in 2007 relative to the spatial coverage of 
interpolated original non-disturbed vegetation cover percentage from Off-Right-of-Way required by 
environmental acceptance criteria; total area of restored and pre-construction vegetation cover percentage 
classes along: (b) croplands; (c) grasslands; (d) pasture and (e) general for croplands, grasslands and 
pasture along Right-of-Way independently from each other in spatial coverage 
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Fig. 5.8 Percentages of vegetation cover restored by 2007 within each of the original vegetation cover 
percentage classes 
 
5.2 DETERMINED MAIN CLIMATIC AND GROUND FACTORS 
CONTROLLING THE REGROWTH OF VEGETATION COVER 
5.2.1 Results of Standard Multiple Regression Model and Ridge 
Standardized Regression Procedure for Grasslands and Croplands 
The results of SMRM for grasslands and croplands with all predictor variables are 
presented in Table 5.3 and 5.4. The full regression model for grasslands resulted in R
2
 
= 0.71; F 6, 1528 = 636.7 and for croplands R
2
 = 0.48; F 6, 2868 = 446.1. Because of high 
correlation between the predictor variables as it is presented in Table 5.3, the presence 
of multi-collinearity was assumed for the regression models of both grasslands and 
croplands. Based on Montgomery et al. (1982), the VIF exceeding 5-10 shows the 
presence of multi-collinearity. Based on Belsley (1991), a condition number between 
30 and 100 also indicates multi-collinearity. The condition number in the models was 
higher than 30 and two of the variables had VIF greater than five for grasslands and 
three of the variables for croplands (Table 5.4). 
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Based on the ridge standardized regression procedure (Hoerl and Kennard 1970), the 
multi-collinearity was eliminated in the subset regression model. For the subset model, 
the determined useful predictor variables for NDVI of grasslands and croplands are 
shown in Table 5.4. The subset regression model for grasslands resulted in R
2
 = 0.70; F 
4, 1530 = 925.6 and for croplands R
2
 = 0.47; F 4, 2870 = 651.9. It is possible to observe in 
Table 5.4, that the useful predictor variables are significant and have VIF lower than 5. 
The condition number in the subset model was reduced to 4.3 for grasslands and 2.2 for 
croplands. 
Table 5.3 Correlation coefficients of NDVI and climate variables for grasslands and croplands 
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NDVI 1.000 1.000 -.501 -.319 .820 .388 .785 .542 .742 .589 -.181 .367 -.109 -.043 
LST -.501 -.319 1.000 1.000 -.617 -.590 -.622 -.420 -.467 -.253 .169 .164 .022 -.035 
PRECIP .820 .388 -.617 -.590 1.000 1.000 .857 .396 .836 .449 -.279 -.137 -.031 .076 
ET .785 .542 -.622 -.420 .857 .396 1.000 1.000 .706 .341 -.339 .050 -.062 -.001 
TMAX .742 .589 -.467 -.253 .836 .449 .706 .341 1.000 1.000 .209 .798 -.118 -.022 
TMIN -.181 .367 .169 .164 -.279 -.137 -.339 .050 .209 .798 1.000 1.000 -.082 -.044 
SOLRAD -.109 -.043 .022 -.035 -.031 .076 -.062 -.001 -.118 -.022 -.082 -.044 1.000 1.000 
 
Table 5.4 Coefficient estimates of the full and subset regression models for grasslands and croplands 
VARIABLES 
COEFFICIENT 
ESTIMATE 
STD. ERROR T VALUE SIG. TOLERANCE VIF 
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Intercept 
Grasslands 99.379 99.379 .337 .340 295.230 292.027 .000 .000 
  
Croplands 132.853 132.853 .301 .303 440.889 438.213 .000 .000 
LST 
Grasslands 1.028 1.569 .460 .445 2.237 3.526 .025 .000 .536 1.709 1.864 1.709 
Croplands -1.108 -1.690 .406 .392 -2.729 -4.312 .006 .000 .551 .599 1.814 1.671 
PRECIP 
Grasslands 10.103 14.107 1.274 .675 7.929 20.904 .000 .000 .070 3.932 14.330 3.932 
Croplands 1.507 5.388 .883 .385 1.707 14.001 .088 .000 .116 .621 8.586 1.611 
ET 
Grasslands 7.846 8.969 .723 .694 10.854 12.930 .000 .000 .217 4.155 4.612 4.155 
Croplands 8.313 8.882 .359 .345 23.131 25.754 .000 .000 .703 .773 1.422 1.294 
TMAX 
Grasslands 4.660 N/A 1.224 N/A 3.805 N/A .000 N/A .076 N/A 13.232 N/A 
Croplands 7.931 N/A 1.587 N/A 4.999 N/A .000 N/A .036 N/A 27.721 N/A 
TMIN 
Grasslands -.236 2.255 .705 .362 -.335 6.225 .738 .000 .228 1.133 4.387 1.133 
Croplands 1.845 8.807 1.420 .311 1.299 28.312 .194 .000 .045 .950 22.206 1.053 
SOLRAD 
Grasslands -1.374 N/A .343 N/A -4.001 N/A .000 N/A .960 N/A 1.041 N/A 
Croplands -.859 N/A .305 N/A -2.814 N/A .005 N/A .976 N/A 1.025 N/A 
5.2.2 Global Spatial Regression Model 
5.2.2.1 Detected Spatial Autocorrelation in the Regression Model 
The Durbin-Watson test result of less than two allowed indicates a positive 
autocorrelation in residuals (Durbin and Watson 1971). The modeling of the 
semivariogram functions for grasslands and for croplands determined the spatial 
autocorrelation of the regression residuals (Fig. 5.9(a; b)). Spatial autocorrelation in this 
case measures the dependence among nearby values of regression residuals in a spatial 
distribution. Since spatial autocorrelation is based on the concept that the values which 
are spatially closer are more similar than those farther away, it is possible to suspect 
that the combinations of the points low on both the x and y axis (marked in green) have 
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more autocorrelation. These two estimations indicate a problematic regression model 
based on the OLS.  
 
Fig. 5.9(a) Semivariogram function of the regression residuals for grasslands (nugget (C0) = 10.5, sill (C0 
+ C1) = 201.16, range (a) = 53.01 km.); (b) Semivariogram function of the regression residuals for 
croplands (nugget (C0) = 55.5, sill (C0 + C1) = 296.67, range (a) = 51.8 km.) 
 
5.2.2.2 Spatial Regression based on the Maximum Likelihood 
Estimation of Spatial Errors 
The spatial regression procedure based on the maximum likelihood procedure showed 
the predictor variables which were no longer significant at the α = 0.05 level. The 
spatial regression for grasslands determined that TMIN is not significant (Table 5.5). 
For croplands LST was not significant in the regression model (Table 5.5). The model 
was rerun for both grasslands and croplands without TMIN in case of grasslands and 
LST in case of croplands. The results were R
2
 = 0.70 for grasslands and R
2
 = 0.47 for 
croplands. Eq. (8) is the resulting regression model for grasslands, and Eq. (9) is for 
croplands. It can clearly be observed in Table 5.5 that LST, PRECIP and ET are the 
most important factors in controlling of NDVI of grasslands. In case of croplands, these 
factors are PRECIP, ET and TMIN. The regression analysis between the determined 
controlling factors and MODIS NDVI of grasslands and croplands are presented in Fig. 
5.10(a-f). It can clearly be observed that the regression coefficients are higher for 
grasslands than croplands. 
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Table 5.5 Coefficient estimates of the spatial regression model for grasslands and croplands (1
st
 & 2
nd
 
run) 
VARIABLE MODEL RUN LAND-USE 
COEFFICIENT 
ESTIMATE 
STD. ERROR t VALUE SIG. 
In
te
r
c
e
p
t 
1 
Grasslands 100.35 1.86 53.95 0.00 
Croplands 127.60 0.10 127.64 0.00 
2 
Grasslands 100.34 1.85 54.26 0.00 
Croplands 127.19 0.97 130.69 0.00 
L
S
T
 1 
Grasslands -3.19 0.72 -4.45 0.00 
Croplands 0.72 0.45 1.59 0.11 
2 
Grasslands -3.19 0.72 -4.44 0.00 
Croplands N/A N/A N/A N/A 
P
R
E
C
IP
 
1 
Grasslands 19.50 1.99 9.78 0.00 
Croplands 7.07 1.06 6.64 0.00 
2 
Grasslands 19.22 1.96 9.81 0.00 
Croplands 6.72 1.05 6.43 0.00 
E
T
 1 
Grasslands -2.75 0.76 -3.61 0.00 
Croplands 1.57 0.37 4.29 0.00 
2 
Grasslands -2.77 0.76 -3.64 0.00 
Croplands 1.56 0.37 4.26 0.00 
T
M
IN
 1 
Grasslands 1.26 1.38 0.91 0.36 
Croplands 7.67 1.09 7.06 0.00 
2 
Grasslands N/A N/A N/A N/A 
Croplands 7.91 1.08 7.33 0.00 
 
NDVIgrass = 100.34 - 3.19 (LST) + 19.22 (PRECIP) - 2.77 (ET) (5.2) 
 
 NDVIcrop = 127.19+ 1.56 (ET) + 7.91 (TMIN) + 6.72 (PRECIP) (5.3) 
 
 
Fig. 5.10 Regression analysis between predictor variables and MODIS NDVI 
 
 
62 
 
5.2.3 Geographically Weighted Regression 
GWR analysis incorporated spatial non-stationarity into the model of regression along 
the corridor of pipelines (Table 5.6). The bandwidth for the GWR was based on the 
optimal Akaike Information Criterion (AICc). Lower bandwidth results in improved R
2
 
but may negatively affect the regression model by increased AICc (Propastin et al. 
2008). The bandwidth of 3500 was used for grasslands; for croplands, the bandwidth 
was set to 5000. The GWR analyses, compared to the global regression results, clearly 
revealed spatial non-stationary between NDVI of grasslands and croplands and the 
predictor variables. With GWR, R
2
 increased markedly to 0.82 and 0.75 for grasslands 
and croplands, respectively. 
 
Table 5.6 Local and global regression estimates and diagnostics for grasslands and croplands 
PREDICTOR 
VARIABLES 
GSRM PARAMETER ESTIMATE GWR PARAMETER ESTIMATES 
GRASSLANDS CROPLANDS GRASSLANDS CROPLANDS 
LST -3.19 N/A -432.43 to 75.37 N/A 
PRECIP 19.22 6.72 -1370.71 to  548.94 -239.88 to 209.78 
ET -2.77 1.56  -75.84 to 89.41  -37.44 to 33.24 
TMIN N/A 7.91 N/A -110.76 to 148.24 
INTERCEPT 100.34 127.19 -35.61 to 743.92  -370.95  to 317.62 
Diagnostics     
Adjusted R
2
 0.70  0.47 0.82 0.75 
AICc 8815.03  17156.1 1219.93 7054.33 
 
5.2.4 Land Surface Factors Controlling NDVI Distribution for 
Grasslands and Croplands 
5.2.4.1 Evaluated Role of Elevation and Aspect in the Distribution 
Patterns of NDVI  
The regression analysis between elevation and PRECIP along RoW showed low R
2
 of 
0.24 (Fig. 5.11(a; b)). This low R
2
 value is explained by the high ET rates in the 
irrigated lowland cropland areas along RoW (Fig. 5.11(c)). The areas with high ET in 
lowlands are located between the 123
rd
 and 216
th
 kilometers. The regression analysis 
between PRECIP and ET resulted in R
2
 of 0.65, demonstrating   that one of the main 
factors controlling the PRECIP along RoW is ET (Fig. 5.11(c; d)). 
The regression analysis between elevation and LST resulted in R
2
 = 0.22 and LST 
reduces with elevation in particular starting from the 312
th
 km (Fig. 5.11(e; f)). 
Fig. 5.12(a) presents the distribution of grasslands in relationship to the elevation and 
aspect. Starting from 150 m elevation, the pattern of the highest NDVI of grasslands 
distribution are clearly observed As expected, in case of the croplands, the sporadic 
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distribution of NVDI can clearly be observed because of the anthropogenic agricultural 
activities (Fig. 5.12(b)).  
The quantified classes of MODIS NDVI contributing to the total area of each aspect 
category showed the curved shape of the series lines decreasing in the southern 
directions of slope faces what means that these aspect categories have lower vegetation 
coverage (Fig. 5.12(c; d)). 
The polar representation of LST variation with the aspect and elevation in Fig. 5.13(a; 
b) shows that LST decreases with elevation in all directions of slope faces but without 
particular patterns formed within aspect categories as it is observed for NDVI in Fig. 
5.12(c; d). This allows to conclude that aspect categories have non-direct control of 
NDVI and there are some other factors apart from LST which require further 
investigations. 
 
 
Fig. 5.11(a) The spatial variability of precipitation along Right-of-Way; (b) Regression analysis between 
elevation & precipitation; (c) The spatial variability of evapotranspiration along Right-of-Way; (d) 
Regression analysis between precipitation & evapotranspiration; (e) The spatial variability of land 
surface temperature along Right-of-Way; (f) Regression analysis between elevation and land surface 
temperature 
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Fig. 5.12(a) The change of the mean NDVI values with elevation and aspect for grasslands along Right-
of-Way (contour color fill representation); (b) The change of the mean NDVI values with elevation and 
aspect for croplands along Right-of-Way (contour color fill representation); (c) Percentage of spatial 
distribution of NDVI classes contributing to the total area of each aspect category (directions of slope 
faces) for grasslands; (d) Percentage of spatial distribution of NDVI classes contributing to the total area 
of each aspect category (directions of slope faces) for croplands 
 
 
 
 
Fig. 5.13 The change of land surface temperature with aspects and elevation (a) for grasslands and (b) for 
croplands (polar contour representation) 
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5.2.4.2 Evaluated Role of Groundwater Depth in the Distribution 
Patterns of NDVI of Grasslands and Croplands 
The regression analysis between NDVI of grasslands and croplands with groundwater 
depth  showed very low correlation. But the clustered patterns of vegetation cover were 
observed in the relationship with groundwater depth and soil moisture for both 
grasslands and croplands (Fig. 5.14(a)). 
The modeling of groundwater depth relative to soil moisture and MODIS NDVI of 
grasslands determined that the threshold of groundwater depth for vegetation growth is 
in the range of 1-5 m (Fig. 5.14(a)).  Xiaomei et al. (2007) showed that 6 m is the 
threshold of groundwater depth affecting vegetation growth in Yinchuan Plain. It is a 
reasonable assumption, therefore, that the NDVI of grasslands is not influenced by 
groundwater depth higher than 5 meters. Groundwater depth is low in the following 
pipeline kilometer ranges: 120 - 250 (Fig. 5.14(b)) because of the intensive agricultural 
irrigation activities in this section of RoW. Groundwater depth revealed high 
correlation with soil moisture along Rights-of-Way, what means that groundwater 
depth controls soil moisture along RoW and it is obvious that soil moisture is one of the 
main factors non-directly controlling vegetation growth (Fig. 5.14(c)). Based on Fig. 
5.14(d), it is possible to observe that NDVI is relatively significant for areas with low 
groundwater depth. Even though groundwater level drops down in the western parts of 
RoW, NDVI is even higher because of other climatic and ground factors controlling 
vegetation growth other than groundwater depth. 
 
Fig. 5.14(a) NDVI relationship with groundwater depth and soil moisture; (b) Groundwater depth along 
Right-of-Way of pipelines; (c) Regression analysis between groundwater depth and soil moisture; (d) 
Polynominal trend lines of MODIS NDVI and groundwater depth along Right-of-Way of pipelines 
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5.2.4.3 Evaluated Role of Topsoil Depth Factor in the NDVI Distribution 
of Grasslands and Croplands 
The regression analysis between the topsoil depth and NDVI of grasslands resulted in 
R
2
 = 0.53 (Fig. 5.15(a)). The R
2
 between the topsoil depth and precipitation for 
grasslands resulted in R
2
 = 0.74 (Fig. 5.15(b)). These results indicate that topsoil is 
significant for vegetation growth and that PRECIP is significant in the formation of 
topsoil. The R
2
 between the topsoil depth and NDVI of croplands is 0.16; whereas, the 
R
2
 between the topsoil depth and PRECIP for croplands is 0.69 (Fig. 5.15(c; d)). It is 
obvious that PRECIP played the significant role for the soil formation in croplands too 
but anthropogenic activities led to the significant change of vegetation cover. This 
evidence strongly suggests that the topsoil depth is one of the main ground factors 
controlling the vegetation regrowth along the corridor of BTC and SCP pipelines. 
 
Fig. 5.15 Regression analysis between (a) topsoil depth and NDVI for grasslands; (b) topsoil depth and 
precipitation for grasslands; (c) topsoil depth and NDVI for croplands; (d) topsoil depth and precipitation 
for croplands 
 
5.2.4.4 Investigation of Soil Moisture Role in the Distribution of 
Vegetation Cover 
MODIS NDVI and SM did not reveal a significant correlation and a similarity in 
polynominal trend lines (Fig. 5.16(a)).  SM revealed R
2
 equal to 0.34 with elevation, R
2
 
equal to 0.23 with evapotranspiration, R
2
 equal to 0.57 with groundwater depth and R
2
 
equal to 0.02 with precipitation (Fig. 5.16(b-e)). This allows to suspect that 
precipitation is not the main factor controlling SM whereas elevation, 
evapotranspiration and groundwater depth have non-direct control of SM. Therefore, 
SM has also non-direct control of VC growth along the corridor of pipelines. Besides, 
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the variation of SM in the 1-3 m soil depth range may have the threshold of depth 
controlling VC regrowth. 
 
Fig. 5.16(a) Polynominal trends of MODIS NDVI and soil moisture along Right-of-Way of pipelines; 
Regression analysis between (b) elevation and soil moisture; (c) soil moisture and groundwater depth; (d) 
evapotranspiration and soil moisture; (e) precipitation and soil moisture 
 
5.2.5 Verified Predicted Results based on the NDVI from High and 
Low-Resolution Images 
The validation of the GSRM- and GWR-predicted results revealed significantly higher 
R
2
 in the regression analysis with MODIS NDVI 2007 rather than with IKONOS NDVI 
2007 (Table 5.7). Higher similarities in polynominal trend lines were also observed in 
the relationship to MODIS NDVI 2007 rather than IKONOS NDVI 2007. These results 
demonstrate that the reliability of the predictions is limited by the MODIS spatial 
resolution equal to 250 m and spectral characteristics. This is also proved by the low 
correlation between NDVI of grasslands derived from MODIS and IKONOS of 2007 
for the vegetation peak months (May - August) (Fig. 5.20(a; b)). This also means that 
the predicted results based on the MODIS NDVI can mainly play a role in planning 
revegetation activities rather than monitoring the post-construction state of vegetation 
status. It is also possible to observe that in croplands, R
2
 value significantly reduced for 
both GSRM and GWR what can be explained by the regular agricultural activities 
along RoW of pipelines. 
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Polynominal trend lines were more similar between the GWR-predicted NDVI of 
grasslands and the MODIS and IKONOS NDVI of 2007 rather than those modeled by 
GSRM-technique. GWR detected the parameters variable over space with the stronger 
relationship with NDVI than the conventional global OLS and GSRM techniques 
(Propastin et al. 2008).  
 
Table 5.7 Validation of the results based on R
2
 and similarity of polynominal trend lines of predicted and 
NDVI status in 2007 
INPUTS FOR VALIDATION OF PREDICTIONS FOR GRASSLANDS R
2
 
Similarity in 
polynominal 
trend lines 
GSRM-predicted NDVI of grasslands & 
MODIS NDVI of 2007 (Fig. 5.17(a; b)) 
0.70 Y 
GWR-predicted NDVI of grasslands & MODIS NDVI of 2007 (Fig. 5.17(c; d)) 0.88 Y 
GSRM-predicted NDVI of grasslands & 
IKONOS NDVI of 2007 (Fig. 5.18(a; b)) 
0.31 N 
GWR-predicted NDVI of grasslands & IKONOS NDVI of 2007 (Fig. 5.18(c; d)) 0.29 N 
INPUTS FOR VALIDATION OF PREDICTIONS FOR CROPLANDS R
2
 
Similarity in 
polynominal 
trend lines 
GSRM-predicted NDVI of croplands & 
MODIS NDVI of 2007 (Fig. 5.19(a; b)) 
0.31 Y 
GWR-predicted NDVI of croplands & MODIS NDVI of 2007 (Fig. 5.19(c; d)) 0.57 Y 
GSRM-predicted NDVI of croplands & 
IKONOS NDVI of 2007 
0.02 N 
GWR-predicted NDVI of croplands & IKONOS NDVI of 2007 0.05 N 
 
 
 
Fig. 5.17(a) Regression analysis between Global Spatial Regression Model -predicted and MODIS NDVI 
2007 of grasslands; (b) Polynominal trends of Global Spatial Regression Model -predicted and MODIS 
NDVI 2007 of grasslands; (c) Regression analysis between Geographically Weighted Regression -
predicted and MODIS NDVI 2007 of grasslands; (d) Polynominal trends of Geographically Weighted 
Regression - predicted and MODIS NDVI 2007 of grasslands 
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Fig. 5.18(a) Regression analysis between Global Spatial Regression Model -predicted and IKONOS 
NDVI 2007 of grasslands; (b) Polynominal trends of Global Spatial Regression Model -predicted and 
IKONOS NDVI 2007 of grasslands; (c) Regression analysis between Geographically Weighted 
Regression -predicted and IKONOS NDVI 2007 of grasslands; (d) Polynominal trends of Geographically 
Weighted Regression -predicted and IKONOS NDVI 2007 of grasslands 
 
 
 
 
Fig. 5.19(a) Regression analysis between Global Spatial Regression Model -predicted and MODIS NDVI 
2007 of croplands; (b) Polynominal trends of Global Spatial Regression Model -predicted and MODIS 
NDVI 2007 of croplands; (c) Regression analysis between Geographically Weighted Regression -
predicted and MODIS NDVI 2007 of croplands; (d) Polynominal trends of Geographically Weighted 
Regression - predicted and MODIS NDVI 2007 of croplands 
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Fig. 5.20 Regression analysis between MODIS and IKONOS NDVI of 2007 (a) for grasslands; (b) for 
croplands 
 
5.3 DEVELOPED SOIL EROSION PREDICTION MODELS FOR 
DETERMINATION OF EROSION-PRONE AREAS 
5.3.1 Quantitative Assessment of Differences and Validation of 
Erosion Prediction Accuracy of the Morgan-Morgan-Finney and the 
Universal Soil Loss Equation Erosion Prediction Models  
Table 5.8 shows a comparison of pixel soil loss values predicted by the MMF and the 
USLE erosion prediction models.  Total number of compared pixels is 1219403 
(19510448 sq. m.) in MMF and USLE spatial grids with 4m x 4m spatial resolution 
(Table 5.8). The predictions made by MMF are on average higher than the estimates of 
USLE model. The overall COV is higher in the MMF than USLE erosion prediction 
model. Paired-Samples T-Test showed that the predictions of the two models were 
significantly different (P<0.05). Bivariate correlation between the MMF and the USLE 
erosion predictions models revealed the Pearson's correlation coefficient equal to 0.23, 
which also means that the predictions of two models are significantly different. Fig. 
5.21(a; b) shows that the larger area with critical erosion classes (soil loss > 10 t/ha/y) 
is predicted by the MMF model. However MMF model revealed more clustered 
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patterns of predicted critical erosion classes with soil loss > 10 t/ha/y in the particular 
ranges of pipelines than USLE model with the widespread spatial distribution (Fig. 
5.22(a, b). 
 
Table 5.8 Comparative summary statistics of the USLE and the MMF erosion prediction models 
SUMMARY STATISTICS 
EROSION MODEL 
MORGAN-MORGAN-FINNEY UNIVERSAL SOIL LOSS EQUATION 
MIN 0 0 
MAX 999.62 t/ha 970.43 t/ha 
MEAN 4.2394 t/ha 3.9081 t/ha 
STD. DEVIATION 21.79125 18.52056 
VARIANCE 474.859 343.011 
COEFFICIENT OF VARIATION 5.14017 4.73902 
NUMBER OF PIXELS 1219403 1219403 
AREA 19510448  sq. m. 19510448 sq. m. 
SPATIAL RESOLUTION 4 m x 4 m 4 m x 4 m 
 
 
Fig. 5.21 Comparison of areas (sq. m.) under (a) MMF – and USLE - predicted erosion rates; (b) the 
categorized MMF – and USLE - predicted erosion classes 
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Fig. 5.22 Spatial distribution of (a) USLE- and (b) MMF- predicted erosion along the corridor of 
BTC&SCP pipelines 
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As it is presented in Table 5.9, validation of in-situ collected 316 erosion occurrences 
against critical erosion classes (soil loss > 10 ton/ha/y) revealed that USLE performed 
better than MMF model by the accurate prediction of 61% of the actual in-situ collected 
erosion occurrences along RoW of pipelines. Frequency ratio of the accurately 
predicted erosion occurrences within the critical erosion classes (soil loss > 10 t/ha) 
was also significantly larger in the USLE model what once again proved the higher 
prediction accuracy and reliability of the USLE erosion prediction model (Table 5.9; 
Fig. 5.23(a; b)). The models did not perform well in croplands since the majority of 
non-identified erosion occurrences were located in particular in areas affected by 
anthropogenic agricultural activities. 
 
Table 5.9 Number of identified erosion occurrences by Universal Soil Loss Equation and Morgan-
Morgan-Finney erosion prediction models  
EROSION 
CLASSES 
(t/ha) 
USLE MMF USLE MMF 
Frequency 
ratio, 
(b1/a1) 
Frequency 
ratio, 
(b2/a2) 
Area (sq. 
m.) 
% (a1) 
Area (sq. 
m.) 
% (a2) 
Number of 
identified 
erosion 
occurrences 
% (b1) 
Number of 
identified 
erosion 
occurrences 
%(b2) 
0-2 15067472 77.228 15256304 78.196 87 27.532 156 49.367 0.356 0.631 
2-5 1805088 9.252 1513872 7.759 28 8.861 28 8.861 0.958 1.142 
5-10 1137824 5.832 1140080 5.843 9 2.848 15 4.747 0.488 0.812 
10-50 1237760 6.344 1250832 6.411 130 41.139 90 28.481 6.485 4.442 
50-100 158480 0.812 222400 1.140 31 9.810 15 4.747 12.077 4.164 
100-500 96768 0.496 119616 0.613 25 7.911 12 3.797 15.951 6.194 
>500 7056 0.036 7344 0.038 6 1.899 0 0.000 52.502 0.000 
TOTAL 19510448 100 19510448 100 316 100 316 100     
NUMBER AND PERCENTAGE OF ACCURATELY PREDICTED 
EROSION OCCURENCES (SOIL LOSS > 10 t/ha/y) 
192  (148 
croplands, 44 
grasslands) 
61 117  (88 
croplands, 29 
grasslands) 
37   
 
 
Fig. 5.23(a) Frequency ratio of identified erosion occurrences by Universal Soil Loss Equation and 
Morgan-Morgan-Finney erosion prediction models; (b) Number of identified erosion occurrences under 
Universal Soil Loss Equation and Morgan-Morgan-Finney erosion classes (%) 
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The validation of quantitative soil loss predictions using the measurements from 48 
field erosion plots revealed higher R
2
 equal to 0.67 by USLE model than by MMF (Fig. 
5.24(a; b)). This proved that USLE-predicted soil loss rates were more reliable than 
MMF not only in terms of spatial distributions of critical erosion classes but also in 
quantitative terms of soil loss rates. 
 
Fig. 5.24(a) Regression analysis between Universal Soil Loss Equation - measured and - predicted 
erosion rates; (b) Regression analysis between Morgan-Morgan-Finney - measured and - predicted 
erosion rates  
 
The total number of erosion-prone pipeline segments with the identified erosion 
occurrences is 296 out of 38376. The number of erosion-prone pipeline segments 
realistically predicted by USLE model e.g. soil loss more than 10 t/ha is 97 whereas 
MMF predicted only 70 erosion-prone pipeline segments. The regression analysis 
between 354 USLE and MMF erosion-prone segments revealed R
2
 equal to 0.36 what 
75 
 
means that the predictions by USLE and MMF erosion models are significantly 
different on the level of pipeline segments (Fig. 5.25; Table 5.10). 
 
Table 5.10 Number of identified erosion occurrences by Universal Soil Loss Equation and Morgan-
Morgan-Finney erosion prediction models for quality assurance  
NUMBER OF EROSION – PRONE 
PIPELINE SEGMENTS IDENTIFIED 
BY EROSION OCCURENCES 
NUMBER OF EROSION 
OCCURENCES PER 
PIPELINE SEGMENT 
NUMBER OF 
EROSION-
PRONE 
SEGMENTS 
(%) TOTAL NUMBER OF EROSION OCCURENCES (%) 
1 279 94.26 279 88.29 
2 15 5.07 30 9.49 
3 1 0.34 3 0.95 
4 1 0.34 4 1.27 
TOTAL NUMBER OF EROSION-
PRONE PIPELINE SEGMENTS 
IDENTIFIED BY EROSION 
OCCURENCES 
296 100% 316 100% 
TOTAL NUMBER OF SEGMENTS 
OF BTC PIPELINE DIVIDED BY 
PIPE JOINTS 
38376 
NUMBER OF EROSION – PRONE 
PIPELINE SEGMENTS WITH USLE - 
AND MMF – PREDICTED SOIL 
LOSS > 10 t/ha (prone to erosion 
processes) & PREDICTED SOIL LOSS 
< 10 t/ha (non-prone to erosion 
processes) 
NUMBER OF SEGMENTS PREDICTED (soil loss > 10t/ha) AND NON-PREDICTED (soil loss < 10t/ha) BY USLE AND MMF MODELS 
USLE -
PREDICTED 
SOIL LOSS > 10 
t/.ha 
% 
USLE – 
PREDICTED 
SOIL LOSS < 10 
t/.ha 
% 
MMF -
PREDICTED 
SOIL LOSS > 10 
t/.ha 
% 
MMF -
PREDICTED 
SOIL LOSS < 10 
t/.ha 
% 
97 32.77 200 67.57 70 23.65 227 76.69 
 
 
Fig. 5.25 Regression analysis between predicted soil loss by Universal Soil Loss Equation and Morgan-
Morgan-Finney models for erosion-prone pipeline segments  
 
5.3.2 Spatial variations of soil loss predictions of the Morgan-Morgan-
Finney and the Universal Soil Loss Equation erosion prediction models 
within terrain geomorphometric elements, land-use and vegetation 
cover percentage classes 
USLE model revealed larger COV for predicted soil loss values of pixels in the slope 
ranges of „0-2.86º‟, „2.86º-4.57º‟, „4.57º-5.71º‟ and „5.71º-9.09º‟ whereas MMF 
revealed larger COV in the slope ranges of „9.09º-16.70º‟ and „>16.70º‟  (Fig. 5.26(a-
g); Table 5.11). USLE revealed larger COV for predicted soil loss values of pixels in 
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the elevation ranges of „50-100m‟, „100-150m‟, „150-200m‟, „200-250m‟, „250-300m‟, 
„300-350m‟ whereas MMF revealed larger COV in the elevation ranges of „-19-50m‟, 
„350-400m‟ (Fig. 5.27(a-i); Table 5.11). USLE revealed larger COV for predicted soil 
loss values of pixels in the aspect ranges of „Flat (0)‟, „Southeast (112.5-157.5)‟, „West 
(247.5-292.5)‟, „Northwest (292.5-337.5)‟ whereas MMF revealed larger COV in the 
aspects ranges of „North (0-22.5)‟, „Northeast (22.5-67.5)‟, „East (67.5-112.5)‟, „South 
(157.5-202.5)‟, „Southwest (202.5-247.5)‟, „North (337.5-360)‟ (Fig. 5.28(a-k); Table 
5.11). USLE model revealed larger COV for predicted soil loss values of pixels in the 
terrain curvature types of „Convex‟ and „Flat‟ whereas MMF revealed larger COV in 
the terrain curvature type of „Concave‟ (Fig. 5.29(a-d); Table 5.11). 
 
Table 5.11 Comparative summary statistics of USLE and MMF models within the ranges of slope 
gradients, elevation, aspects and terrain curvature  
  
RANGES 
AREA (sq. 
m.) 
MIN MAX MEAN STD. DEVIATION COV 
R
A
N
G
E
S
 O
F
 
S
L
O
P
E
 A
N
G
L
E
S
 (
º)
 
MMF USLE MMF USLE MMF USLE MMF USLE MMF USLE 
0-2.86º 17896496 0 0 773.73 970.43 2.1742 3.0283 7.73838 15.91506 3.55918 5.25544 
2.86º-4.57º 821264 0 0 862.25 931.07 13.87 9.0717 32.09858 27.54581 2.31425 3.03646 
4.57º-5.71º 258176 0 0 880.04 786.64 14.5575 8.2797 41.2813 26.30014 2.83574 3.17646 
5.71º-9.09º 343504 0 0 931.05 914.82 20.5549 15.3393 54.5016 41.00281 2.65151 2.67306 
9.09º-16.70º 163408 0 0 880.04 829.37 26.8223 23.2108 68.32733 44.30488 2.54741 1.9088 
>16.70º 27600 0 0 999.62 951.66 80.3451 40.9263 178.7214 62.78796 2.22442 1.53417 
MEAN   2.68875 2.93073 
R
A
N
G
E
S
 O
F
 
E
L
E
V
A
T
IO
N
 (
m
) 
-19-50 9619088 0 0 945.6 832.08 3.5607 2.0042 21.86743 10.99566 6.14133 5.48631 
50-100 1135424 0 0 999.62 954.36 20.1735 11.3834 57.04252 39.05316 2.8276 3.43071 
100-150 680624 0 0 230.74 525.33 6.7666 9.2529 11.84814 23.96412 1.75097 2.5899 
150-200 1367536 0 0 82.57 511.3 1.8644 4.7226 5.10343 16.70118 2.7373 3.53644 
200-250 2496208 0 0 265.27 970.43 2.4189 6.1053 5.48724 21.16722 2.26849 3.46702 
250-300 2434144 0 0 374.51 824.01 3.0541 2.8675 9.85093 14.66409 3.22548 5.11389 
300-350 1406704 0 0 240.22 837.13 3.0898 5.7366 11.70374 29.32455 3.78786 5.11183 
350-400 370720 0 0 134.97 302.41 1.5727 2.6971 6.23197 9.75061 3.96259 3.61522 
 MEAN  3.33770 4.04392 
S
L
O
P
E
 A
S
P
E
C
T
S
 (
º)
 
Flat (0) 3525424 0 0 32.34 434.28 0.0022 0.0276 0.12111 2.03 55.05 73.55072 
North (0-22.5) 1243392 0 0 927.8 638.6 5.9691 4.8433 25.10774 18.7147 4.20629 3.86404 
Northeast (22.5-67.5) 3502640 0 0 999.62 914.82 3.916 4.3118 23.7583 18.06726 6.06698 4.19019 
East (67.5-112.5) 2158288 0 0 971.59 970.43 5.3071 4.937 23.69508 19.42534 4.46479 3.93464 
Southeast (112.5-157.5) 1871232 0 0 592.2 931.07 4.477 3.9435 19.19118 22.23571 4.28662 5.63857 
South (157.5-202.5) 2144688 0 0 857.34 927.99 5.5306 4.5229 27.06301 19.52782 4.89332 4.31754 
Southwest (202.5-247.5) 2365808 0 0 949.93 951.66 5.7995 4.2737 24.10389 15.7704 4.1562 3.6901 
West (247.5-292.5) 1003600 0 0 931.05 837.13 5.6098 5.6505 22.32367 22.49522 3.97941 3.9811 
Northwest (292.5-337.5) 978672 0 0 945.6 832.08 5.9955 6.4476 23.87322 27.77214 3.98186 4.30736 
North (337.5-360) 716704 0 0 927.8 783.58 6.496 7.2554 26.72231 29.29128 4.11366 4.03717 
MEAN   9.51991 11.15114 
CURVAT
URE 
Concave 8881264 0 0 999.62 970.43 3.6948 4.4464 18.05487 20.73984 4.88656 4.66441 
Convex 8784736 0 0 995.11 951.66 3.6484 3.4616 17.0867 16.63455 4.68334 4.80545 
Flat 1844448 0 0 300.9 577.57 1.7767 2.7866 6.61362 12.90578 3.72242 4.63137 
MEAN  4.43077 4.70041 
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Fig. 5.26 (a) COV for MMF - and USLE - predicted soil loss values under the areas of slopes gradients; 
areas (sq. m.) for MMF - and USLE - predicted soil loss rates under (b) low slope gradient (0-2.86); 
(c)gentle slope gradient (2.86º -4.57º); (d) slightly rolling (4.57º -5.71º); (e) rolling (5.71º -9.09º), (f) 
hilly (9.09º -16.70º); (g) mountainous slopes (>16.70º) 
 
Fig. 5.27(a) COV for MMF - and USLE - predicted soil loss values of pixels under the elevation ranges; 
areas (sq. m.) for MMF - and USLE - predicted soil loss rates under (b) '-19-50'; (c) '50-100'; (d) '100-
150'; (e) '150-200'; (f) '200-250'; (g) '250-300'; (h) '300-350'; (i) '350-400' ranges of elevation  
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Fig. 5.28(a) COV for MMF - and USLE - predicted soil loss values of pixels under aspects of slopes; 
areas (sq. m.) for MMF - and USLE - predicted soil loss rates under (b) Flat (0); (c) North (0-22.5); (d) 
Northeast (22.5-67.5); (e) East (67.5-112.5); (f) Southeast (112.5-157.5); (g) South (157.5-202.5); (h) 
Southwest (202.5-247.5); (i) West (247.5-292.5); (g) Northwest (292.5-337.5); (k)North (337.5-360) 
slope aspects  
 
 
Fig. 5.29(a) COV for MMF - and USLE - predicted soil loss values of pixels under terrain curvature 
types; areas (sq. m.) for MMF - and USLE - predicted soil loss rates under (b) Concave; (c) Convex; (d) 
Flat curvature types 
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USLE model revealed larger COV for predicted soil loss values of pixels in the landuse 
classes of „croplands‟, „grassland‟ and „pasture‟ (Fig. 5.30(a-d); Table 5.12). USLE 
model revealed larger COV for predicted soil loss values of pixels in VC percentage 
classes of „0-10%‟, „10-20%‟, „20-30%‟, „30-40%‟, „40-50%‟, „50-60%‟, „60-70%‟, 
„70-80%‟, „80-90%‟ and „90-100%‟ whereas MMF revealed larger COV for predicted 
soil loss values of pixels in VC percentage class of „0‟ (Fig. 5.31(a-l); Table 5.12). 
 
Table 5.12 Comparative summary statistics of USLE and MMF models within land-use classes 
  
LANDUSE AND VC 
PERCENTAGE CLASSES 
AREA (sq. 
m.) 
MIN MAX MEAN STD. DEVIATION COV FOR PREDICTED SOIL 
LOSS VALUES OF PIXELS 
  MMF USLE MMF USLE MMF USLE MMF USLE MMF USLE 
L
A
N
D
U
S
E
 CROPLANDS 
13345040 0 0 374.51 970.43 1.0977 2.1414 5.3592 13.2421 4.88221 6.18385 
GRASSLANDS 4840720 0 0 999.62 954.36 13.4738 9.0491 41.11401 28.56348 3.0514 3.1565 
PASTURE 1324688 0 0 240.38 824.01 1.0963 2.7585 4.9332 13.1276 4.49986 4.75896 
 MEAN  4.14449 4.69977 
V
C
 P
E
R
C
E
N
T
A
G
E
 C
L
A
S
S
E
S
 
(%
) 
0 2655424 0 0 999.62 951.66 15.3265 8.4312 48.74037 26.45909 3.18014 3.13824 
0-10 2402816 0 0 977.47 970.43 7.5228 7.3318 26.57603 27.39321 3.53273 3.73622 
10-20 1895264 0 0 713.14 927.99 4.2345 6.0614 14.14673 24.26674 3.34083 4.00349 
20-30 1373184 0 0 408.03 832.81 4.0077 6.1559 11.47587 25.47925 2.86346 4.139 
30-40 1168208 0 0 292.02 832.08 3.8761 5.0093 10.76358 19.05497 2.77691 3.80392 
40-50 930704 0 0 143.53 675.27 2.4787 3.5323 7.2256 14.46752 2.91508 4.09578 
50-60 812240 0 0 112.94 401.79 1.577 2.5913 4.58822 10.04635 2.90946 3.87695 
60-70 752832 0 0 89.91 527.65 1.0476 1.8974 3.06597 7.91378 2.92666 4.17085 
70-80 718752 0 0 65.38 817.96 0.7301 1.4152 2.18966 7.05542 2.99912 4.98546 
80-90 683184 0 0 37.43 447.33 0.5075 1.0474 1.55862 5.00014 3.07117 4.77386 
90-100 6117840 0 0 32.8 326.76 0.1095 0.3115 0.48547 2.17733 4.43352 6.98982 
MEAN  3.17719 4.33760 
  
 
Fig. 5.30(a) COV for MMF - and USLE - predicted soil loss values of pixels under land use types; areas 
(sq. m.) for MMF - and USLE - predicted soil loss rates under (b) croplands; (c) grasslands; (d) pasture 
land use classes   
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Fig. 5.31(a) COV for MMF - and USLE - predicted soil loss values of pixels under VC percentage 
classes; areas (sq. m.) for MMF - and USLE - predicted soil loss under (b) 0; (c) 0-10; (d) 10-20; (e) 20-
30; (f) 30-40; (g) 40-50; (h) 50-60; (i) 60-70; (j) 70-80; (k) 80-90; (l) 90-100 VC percentage classes 
 
The average coefficients of variation of the MMF and the USLE predicted soil loss 
rates within the categories of slopes, elevation, aspects, curvature, VC percentage and 
landuse were observed to be larger in the USLE than in the MMF model (Fig. 5.32; 
Table (5.11; 5.12)). The number of erosion occurrences accurately predicted by the 
USLE erosion model were also larger than by the MMF model and was closer to the 
total number of erosion occurrences (Fig. 5.33(a-f)). Therefore this supports the 
hypothesis that larger spatial variations of erosion models within the geomorphometric 
elements of terrain, VC percentage and landuse classes can contribute to better soil loss 
prediction performance and reliability of erosion models. In the present studies USLE 
erosion prediction model revealed larger spatial variations within the geomorphometric 
elements of terrain, vegetation cover percentage and landuse classes than MMF model 
and as a result revealed higher accuracy and reliability by the prediction of 192 erosion 
occurrences out of 316. 
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Fig. 5.32 The average coefficients of variation of MMF and USLE predicted soil loss rates within 
geomorphometric elements of terrain, vegetation cover percentage and landuse classes 
 
 
Fig. 5.33Total number of actual erosion occurrences in the period of 2005-2012 and of accurately 
predicted by USLE and MMF models within (a) VC percentage classes;(b) landuse classes; (c) elevation 
ranges; (d) slope gradients; (e) aspect angle ranges; (f) terrain curvature types 
 
5.4 COMPARED QUALITATIVE AND QUANTITATIVE METHODS FOR 
PREDICTION OF EROSION-PRONE AREAS WITHIN TERRAIN UNITS 
5.4.1 Quantification of Bio-engineering Criteria required by Multi-
Criteria Assessment and Quantification of Universal Soil Loss Equation 
and Morgan-Morgan-Finney Erosion Prediction Models 
To estimate the TUs which are most vulnerable to erosion, it was necessary to 
preliminarily set the bio-engineering criteria for quantified SG, K and VC percentage 
and land-use within TUs to run MCA (Fig. 5.34(a-e)). Based on the studies of 
Wischmeier & Smith (1978) and Odemerho (1986) and Zachar (1982), the bio-
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engineering values „VC < 70%, SG > 8%, K>0.27‟ (Fig. 5.35(a)) were used for the first 
run – MCA1 and „VC < 70%, K>0.27, Land-use = Croplands‟ (Fig. 5.35(b)) for the 
second run - MCA2. MCA1 (VC < 70%, SG > 8%, K>0.27) and MCA2 (VC < 70%, 
SG > 8%, Land-use = Croplands) - computed critical areas and percentages within TUs 
are presented in Fig. 5.35(c-f) and Table 5.13. The spatial distribution of erosion-prone 
areas computed using the MCA1 and the MCA2 is presented in Fig. 5.36(a; b) 
relatively. The prioritization of TUs based on the erosion-prone areas is presented in 
Table 5.14. MCA1 and MCA2 allowed to quantitatively understand the landscape 
proneness to erosion processes and to make the general territorial predictions on the 
level of TUs along RoW. 
 
 
Fig. 5.34(a) Total area of terrain units within Right-of-Way of pipelines; (b) Quantification of vegetation 
cover distribution (c) distribution of soil gradients within terrain units; (d) land-use distribution within 
terrain units; (e) distribution of soil erodibility factor within terrain units 
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Fig. 5.35(a) Areas of preset criteria factors for 'Multi-Criteria Assessment1' (Soil Erodibility > 0.25, Vegetation 
Cover < 70%, Slope Gradient > 8%) within terrain units; (b) Areas of preset criteria factors for 'Multi-Criteria 
Assessment2' (Soil Erodibility > 0.25, Vegetation Cover < 70%, Land-use = Croplands) within terrain units; (c) 
Areas of 'Multi-Criteria Assessment1' (Soil Erodibility > 0.25, Vegetation Cover < 70%, Slope Gradient > 8%) – 
predicted critical erosion-prone areas; (d) Areas of 'Multi-Criteria Assessment2' (Soil Erodibility > 0.25, Vegetation 
Cover < 70%, Land-use = Croplands) – predicted critical erosion-prone areas; (e) Percentage of 'Multi-Criteria 
Assessment1' (Soil Erodibility > 0.25, Vegetation Cover < 70%, Slope Gradient > 8%) – predicted critical erosion-
prone areas within terrain units; (f) Percentage of 'Multi-Criteria Assessment2' (Soil Erodibility > 0.25, Vegetation 
Cover < 70%, Land-use = Croplands) – predicted critical erosion-prone areas within terrain units 
 
Table 5.13 Computed areas, percentages and ranges for critical erosion zones within terrain units, areas for Right-of-
Way of terrain units and of preset criteria factors for 'Multi-Criteria Assessment1' (Soil Erodibility > 0.25, 
Vegetation Cover < 70%, Slope Gradient > 8%) and 'Multi-Criteria Assessment2' (Soil Erodibility > 0.25, 
Vegetation Cover < 70%, Land-use = Croplands) within Right-of-Way of terrain units  
TU TOTAL ROW 
AREA OF TUs 
(sq.m.) 
K>0.25 VC<70% SG>8% Land-use  = 
croplands 
CRITICAL 
AREA (sq. m.) 
CRITICAL AREA 
(%) 
RANGES (km) NUMBER OF 
EROSION 
OCCURRENCES 
VIIIa MCA1 1401028 150632 415190 24076 1067655 30 0.00 411.5-412.5 16 
MCA2 2740 0.20 411-415 
VIIId MCA1 61825 0 42165 0 12050 0 0.00  3 
MCA2 0 0.00  
VIIIm MCA1 10872980 3605916 5734526 450419 9195928 75109 0.69 134-136, 254-255, 282-283, 285-286, 360-361, 362-
367, 372-374, 395-396, 400-402, 403-404.5 
171 
MCA2 1413038 13.00 94-97, 99-100, 103-109, 111-137, 140-145, 152-161, 
252-256, 260-270, 281-286, 360-367, 371-374, 384-
387, 395-396, 398-405 
VIIIm* MCA1 362288 261927 122668 133079 234120 25665 7.08 367-370.5, 396-398,402-403 13 
MCA2 37403 10.32 367-371, 396-398 
VIIIn MCA1 210136 13321 160676 2011 78627 0 0.00  9 
MCA2 12886 6.13  
VIIIp MCA1 481875 58478 456098 19363 55700 0 0.00  22 
MCA2 0 0.00  
VIIIq MCA1 2872535 2042630 2599540 47571 1185277 42577 1.48 41-43, 47-49, 51-52 27 
MCA2 542628 18.89 34-43, 51-55, 80-87 
VIIIr MCA1 491440 409765 171072 1303 403098 20 0.00 222-223 0 
MCA2 105765 21.52 214-225 
VIIIs MCA1 346177 346176 275529 1142 187472 1101 0.32 97-99 1 
MCA2 161101 46.54 97-99, 145-152 
VIIIt MCA1 1488157 665037 955433 4345 1024222 1235 0.08 203-204 8 
MCA2 182295 12.25 200-214 
XVa MCA1 274268 139095 273455 3756 0 0 0.00  12 
MCA2 0 0.00  
XVb MCA1 363969 75178 353782 88145 0 19241 5.29 8-13, 50-50.5 30 
MCA2 0 0.00  
XVd MCA1 458607 430251 435828 19067 0 8692 1.90 13-20 5 
MCA2 0 0.00  
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Fig. 5.36 Spatial dustribution of critical erosion-prone areas computed based on: (a)  'Multi-Criteria 
Assessment1' (Soil Erodibility > 0.25, Vegetation Cover < 70%, Slope Gradient > 8%); (b) 'Multi-
Criteria Assessment2' (Soil Erodibility > 0.25, Vegetation Cover < 70%, Land-use = Croplands) 
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Table 5.14 Priorotization of terrain units based on 'Multi-Criteria Assessment1' and 'Multi-Criteria 
Assessment2' qualitative erosion prediction methods  
MULTI-CRITERIA ASSESSMENT PRIORITIZATION OF TERRAIN UNITS BASED 
ON THE PREDICTED EROSION-PRONE AREAS   
MCA1 (VC < 70%, SG > 8%, K>0.27) (Fig. 5.30(c)) VIIIm, VIIIq, VIIIm*, XVb, XVd, VIIIt, VIIIs 
MCA2 (VC < 70%, K>0.27, Land-use = Croplands) 
(Fig. 5.30(d)) 
VIIIm, VIIIq, VIIIt, VIIIs, VIIIr, VIIIm*, VIIIn 
 PRIORITIZATION OF TUs BASED ON THE 
PERCENTAGE OF PREDICTED EROSION-
PRONE AREAS WITHIN TUs   
MCA1 (VC < 70%, SG > 8%, K>0.27) (Fig. 5.30(e)) VIIIm*, XVb, XVd, VIIIq, VIIIm, VIIIs, VIIIt 
MCA2 (VC < 70%, K>0.27, Land-use = Croplands) 
(Fig. 5.30(f)) 
VIIIs, VIIIr, VIIIq, VIIIm, VIIIt, VIIIm*, VIIIn 
 
The spatial quantification of USLE and MMF erosion categories falling into TUs are 
presented in Fig. 5.37(a-d). It is possible to observe that MMF predicted significantly 
higher average soil loss in XVa, XVb and XVd whereas USLE predicted higher soil 
loss in the rest of TUs (Fig. 5.37(e)). The spatial distribution of critical erosion-prone 
areas predicted by USLE and MMF within TUs is presented in Fig. 5.38(a; b) and Fig. 
5.39(a-d). 
 
 
Fig.5.37 Quantification of predicted erosion classes for (a, b) Universal Soil Loss Equation; (c, d) 
Morgan-Morgan-Finney; (e) average soil loss of Universal Soil Loss Equation and Morgan-Morgan-
Finney erosion prediction models 
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Fig.5.38 Spatial dustribution of critical erosion-prone areas (Soil loss > 10 t/ha) computed based on: (a)  
Universal Soil Loss Equation; (b) Morgan-Morgan-Finney erosion models 
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Fig.5.39(a) Percentage of area of critical Universal Soil Loss Equation erosion classes within terrain 
units; (b) Percentage of area of critical Morgan-Morgan-Finney erosion classes within terrain units; (c) 
Area of critical Universal Soil Loss Equation erosion classes within terrain units; (d) Area of Critical 
Morgan-Morgan-Finney Erosion classes within terrain units 
5.4.2 Comparison of Quantitative Universal Soil Loss Equation and 
Morgan-Morgan-Finney Erosion Prediction Models and Qualitative 
Multi-Criteria Assessment for Determination of Erosion-prone Areas 
and Validation of Erosion Predictions within Terrain Units 
The correlation analisis between MCA1, MCA2 - and USLE - predicted erosion-prone 
areas revealed the correlation coefficients of 0.92 (Table (5.13; 5.15; 5.16); Fig. 5.40). 
The correlation analisis between MCA1, MCA2 - and MMF - predicted erosion-prone 
areas revealed the correlation coefficient of 0.74 and 0.57, relatively (Table (5.13; 5.15; 
5.16)). USLE- and MCA – predicted erosion-prone areas revealed stronger relationship 
than MMF. 
Table 5.15 Predicted erosion-prone areas using Universal Soil Loss Equation and Morgan-Morgan-
Finney erosion prediction models (soil loss > 10 t/ha/y)  
TU USLE critical area > 10 
soil loss (ton/h/y) 
MMF critical area > 
10 soil loss (ton/h/y) 
TOTAL ROW AREA OF 
TUs (sq. m.) 
USLE% MMF% NUMBER OF 
EROSION 
OCCURRENCES 
VIIIa 24634.4 3236 1401028 1.76 0.23 16 
VIIId 3714.6 1313 61825 6.01 2.12 3 
VIIIm 589805.9 341536 10872980 5.42 3.14 171 
VIIIm* 44256.5 39271 362288 12.22 10.84 13 
VIIIn 39296.5 9820 210136 18.70 4.67 9 
VIIIp 120353.9 45476 481875 24.98 9.44 22 
VIIIq 263015.9 416114 2872535 9.16 14.49 27 
VIIIr 5813.4 0 491440 1.18 0.00 0 
VIIIs 6031.0 2448 346177 1.74 0.71 1 
VIIIt 29069.2 22107 1488157 1.95 1.49 8 
XVa 95998.7 221058 274268 35.00 80.60 12 
XVb 143470.9 273083 363969 39.42 75.03 30 
XVd 120937.6 223545 458607 26.37 48.74 5 
 
Table 5.16 Correlation coefficients among quantitative Universal Soil Loss Equation, Morgan-Morgan-
Finney and qualitative Multi-Criteria Assessment erosion prediction models  
CRITICAL AREAS CORRELATION 
COEFFICIENTS 
MCA (K>0.25, VC<70%, SG>8%) &  USLE 0.92 
MCA (K>0.25, VC<70%, LAND-USE=Croplands) &  USLE 0.92 
MCA (K>0.25, VC<70%, SG>8%) &  MMF 0.74 
MCA (K>0.25, VC<70%, LAND-USE=Croplands) &  MMF 0.57 
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Fig.5.40 Critical area percentage within terrain units 
 
5.4.3 Validation of Erosion-prone Areas Predicted by Multi-Criteria 
Assesment, Morgan-Morgan-Finney and Universal Soil Loss Equation 
Models within Terrain Units 
MCA1 and MCA2 identified in total 35 erosion occurrences out of 316. MCA1 - and 
MCA2 – predicted erosion-prone areas and the identified number of erosion 
occurrences within TUs revealed correlation coefficients of 0.87 and 0.92. This means 
that MCA revealed more reliable predictions on the level of TUs. Predicted erosion-
prone areas (Soil Loss > 10 t/ha/y) by USLE revealed larger correlation coefficient than 
MMF model what proves higher reliability of the USLE predictions (Table 5.17). 
 
Table 5.17 Correlation coefficients among quantitative Universal Soil Loss Equation, Morgan-Morgan-
Finney and qualitative Multi-Criteria Assessment erosion prediction models and erosion occurrences 
CRITICAL AREAS CORRELATION 
COEFFICIENTS 
MCA1 (K>0.25, VC<70%, SG>8%) &  Number of erosion occurrences within TUs 0.87 
MCA2 (K>0.25, VC<70%, LAND-USE=Croplands) &  Number of erosion occurrences within TUs 0.92 
USLE  &  Number of erosion occurrences within TUs 0.94 
MMF  &  Number of erosion occurrences within TUs 0.55 
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6. SUMMARY OF FINDINGS 
6.1 VEGETATION COVER RESTORATION STATUS MONITORING 
6.1.1 Vegetation Cover Peak Seasons 
The optimum periods for acquisition of satellite images are presented in Table 6.1. It 
was determined that the vegetation peak periods are different along pipelines. Therefore 
the satellite images were acquired in accordance with the determined dates along 
different sections of pipelines. 
 
 Table 6.1 Optimum periods for acquisition of satellite images 
Pipeline corridor range (km) Periods of Vegetation Peak for imagery acquisition 
0-159 April 
159-271 May 
271-344 July 
344-379 June 
379-442 May 
6.1.2 Normalized NDVI to Vegetation Cover Percentage 
The normalization of IKONOS NDVI to VC showed that the most accurate results can 
be achieved by evaluating both the R
2
 value and RMSE. The optimum R
2
 value 
achieved for the normalization of NDVI to VC is 0.80 and RMSE is 6% of the 13 
omitted transects from the regression analysis. 
6.1.3 Restored Vegetation Cover since the Completion of Pipeline 
Construction 
The total area of restored VC, between the completion of the pipeline in 2005 and 
2007, when satellite data was obtained is 8.9  million sq. m.  An area of 10.7 million sq. 
m. of ground vegetation needs restoration in order to comply with the environmental 
acceptance criteria. 
 
6.2 MAIN CLIMATIC FACTORS CONTROLLING VEGETATION COVER 
REGROWTH 
6.2.1 Comparison of Standard Multiple, Global Spatial and 
Geographically Weighted Regression Models 
SMRM was not optimal for revealing of the main predictor variables controlling NDVI 
of grasslands and croplands along RoW. Based on the GSRM, PRECIP, LST and ET 
were determined as the main climate factors controlling NDVI of grasslands along 
RoW. In case of croplands, PRECIP, ET and TMIN were determined as the main 
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factors controlling NDVI of croplands. The regression models predicting NDVI for 
grasslands and croplands were formulated as follows: 
NDVIgrass = 100.34 - 3.19 (LST) + 19.22 (PRECIP) - 2.77 (ET) 
 NDVIcrop = 127.19+ 1.56 (ET) + 7.91 (TMIN) + 6.72 (PRECIP) 
The GWR analyses in comparison with the global regression models results clearly 
revealed that the relationship between NDVI of grasslands and croplands and the 
predictor variables was spatially non-stationary along RoW. 
 
6.2.2 Relationship between NDVI and Elevation, Aspects and Land 
Surface Temperature 
Elevation, as one of the ground factors, controls the vegetation growth through its 
control of PRECIP and temperature along the grasslands of RoW. Even though the 
observed R
2
 value between elevation and NDVI of grasslands is low (R
2
= 0.14), the 
accumulation of the largest NDVI patterns was observed higher than 150m elevation. 
This reveals that elevation has non-direct control of NDVI of grasslands.  
The spatial distribution percentage of NDVI classes within aspect categories was 
decreasing in the southern directions of slope faces. LST was decreasing with elevation 
but no particular patterns of LST in the relationship with NDVI accumulation within 
the aspect categories were observed. Aspect categories have non-direct control of 
NDVI and there are some other factors apart from LST which require further 
investigations. 
 
6.2.3 Relationship between NDVI and Topsoil Depth 
Precipitation controls the formation of topsoil depth and the topsoil controls the VC 
growth of grasslands as one of the ground factors. The croplands showed low 
correlation with the topsoil depth because of agricultural activities. 
 
6.2.4 Relationship between NDVI and Groundwater Depth 
The modeling of groundwater depth relative to soil moisture and MODIS NDVI of 
grasslands determined that the threshold of groundwater depth for vegetation growth is 
in the range of 1-5 m.  In addition, groundwater depth revealed high correlation with 
soil moisture that has non-direct control of vegetation cover  along Rights-of-Way. 
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6.2.5 Relationship between NDVI and Soil Moisture 
MODIS NDVI and soil moisture did not reveal a significant correlation. Soil moisture 
is non-directly controlled by elevation, evapotranspiration, precipitation and 
groundwater depth. Soil moisture holds non-direct control of NDVI. The variations of 
soil moisture in the 1-3 m soil depth range may have the threshold of depth controlling 
vegetation cover regrowth and this requires further investigations. 
6.2.6 Reliability of Predictions by Global Spatial and Geographically 
Weighted Regression Models  
The reliability of the GSRM and GWR predictions is limited by the MODIS spatial 
resolution equal to 250 m and spectral characteristics. This conclusion was reinforced 
with a low correlation R
2
 value equal to 0.38 between NDVI of grasslands derived from 
MODIS and IKONOS images 2007 for the vegetation peak months. 
 
6.2.7 Perspectives from Determination of Controlling Climate and 
Ground Factors for NDVI 
Quantitative assessment of climate and ground factors controlling VC may provide the 
possibilities of better planning for the revegetation and erosion control activities along 
the corridor of pipelines. This may also reduce the investments for the high-resolution 
aerial and satellite imagery required by the environmental monitoring of restoration 
activities along the narrow and long-range RoW of pipelines. 
 
6.3 COMPARISON OF PERFORMANCE BY UNIVERSAL SOIL LOSS 
EQUATION AND MORGAN-MORGAN-FINNEY EROSION PREDICTION 
MODELS FOR MONITORING OF SOIL DEGRADATION ALONG 
PIPELINES   
6.3.1 Quantitative Assessment of Morgan-Morgan-Finney and 
Universal Soil Loss Equation Erosion Prediction Models 
The predictions made by MMF are on average higher than the estimates of USLE 
erosion prediction model. The overall COV is higher in the MMF than USLE erosion 
prediction model (Table 6.2). Paired-Samples T-Test showed that the predictions of 
two models were significantly different (P<0.05). Bivariate correlation between the 
MMF and the USLE erosion predictions models revealed the Pearson's correlation 
coefficient equal to 0.23, which also means that the predictions of two models are 
significantly different. The MMF and USLE predictions revealed non-similarity in the 
spatial distribution of soil loss rates along RoW. In particular, USLE revealed higher 
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number of pixels in the erosion class – „2-5‟ whereas MMF revealed higher number of 
pixels in the erosion classes – ‟50-100‟ and „100-500‟ what means that larger area with 
critical erosion classes (soil loss > 10 t/ha/y) is predicted by the MMF model. However 
MMF model revealed more clustered patterns of predicted critical erosion classes with 
soil loss > 10 t/ha/y in particular ranges of pipelines than USLE model with the 
widespread spatial distribution. 
 
Table 6.2 Comparative summary statistics of the USLE and the MMF erosion prediction models 
SUMMARY STATISTICS 
EROSION MODEL 
MMF USLE 
MIN 0 0 
MAX 999.62 t/ha 970.43 t/ha 
MEAN 4.2394 t/ha 3.9081 t/ha 
STD. DEVIATION 21.79125 18.52056 
VARIANCE 474.859 343.011 
COEFFICIENT OF VARIATION 5.14017 4.73902 
NUMBER OF PIXELS 1219403 1219403 
AREA 19510448  sq. m. 19510448 sq. m. 
SPATIAL RESOLUTION 4 m x 4 m 4 m x 4 m 
6.3.2 Validation of Morgan-Morgan-Finney and Universal Soil Loss 
Equation Erosion Prediction Models 
6.3.2.1 Validation of Morgan-Morgan-Finney and Universal Soil 
Loss Equation Erosion Prediction Models using Erosion Occurrences, 
Field Erosion Plots and Erosion-prone Pipeline Segments 
Verification of USLE- and MMF- predicted erosion classes against in-situ 316 
collected erosion occurrences revealed that USLE performed better than MMF model 
along RoW of pipelines by identifying of 192 erosion occurrences out of 316, whereas 
MMF identified 117 erosion sites. Even though USLE performed better than MMF 
model by the identification 61% of erosion occurrences, MMF also predicted 29 of 
erosion sites which were not identified by USLE. USLE and MMF models performed 
differently in the different areas of pipelines. Frequency ratio of the accurately 
predicted erosion occurrences within the critical erosion classes (soil loss > 10 t/ha) 
was also significantly larger in the USLE model what once again proved the higher 
prediction accuracy and reliability of the USLE erosion prediction model. 
The validation of quantitative soil loss predictions using the measurements from 48 
field erosion plots revealed higher R
2
 equal to 0.67 by USLE model than by MMF. This 
proved that USLE-predicted soil loss rates were more reliable than MMF not only in 
terms of spatial distributions of critical erosion classes but also in quantitative terms of 
soil loss rates. 
The total number of erosion-prone pipeline segments with the identified erosion 
occurrences is 316 out of 38376. The number of erosion-prone pipeline segments 
realistically predicted by USLE model e.g. soil loss more than 10 t/ha is 97 whereas 
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MMF predicted only 70 erosion-prone pipeline segments. The regression analysis 
between 354 USLE and MMF erosion-prone segments revealed R
2
 equal to 0.36 what 
means that the predictions by USLE and MMF erosion models are significantly 
different on the level of pipeline segments. 
6.3.2.2 Spatial Variations of Morgan-Morgan-Finney and Universal 
Soil Loss Equation Erosion Prediction Models within Geomorphometric 
Elements of Terrain, Land-use and VC and Validation of Them as Criteria 
for Erosion Model Selection 
The average coefficients of variation of the MMF and the USLE predicted soil loss 
rates within the categories of slopes, elevation, aspects, curvature, VC percentage and 
landuse were observed to be larger in the USLE than in the MMF erosion prediction 
model. The number of erosion occurrences accurately predicted by the USLE erosion 
model were also larger than by the MMF model and was closer to the total number of 
erosion occurrences. Therefore this supports the hypothesis that larger spatial variations 
of erosion models within the geomorphometric elements of terrain, VC percentage and 
landuse classes can contribute to better soil loss prediction performance and reliability 
of erosion models. In the present studies USLE erosion prediction model revealed 
larger spatial variations within the geomorphometric elements of terrain, VC 
percentage and landuse classes than MMF model and as a result revealed higher 
accuracy and reliability by the prediction of 192 erosion occurrences out of 316.      
6.4 COMPARISON OF QUALITATIVE 'MULTI-CRITERIA 
ASSESSMENT1' AND 'MULTI-CRITERIA ASSESSMENT2'  AND 
QUANTITATIVE UNIVERSAL SOIL LOSS EQUATION AND MORGAN-
MORGAN-FINNEY EROSION PREDICTION MODELS 
MCA1 and MCA2 revealed stronger correlation with USLE than MMF model. 
Erosion-prone areas predicted by MCA1 and MCA2 identified 35 of erosion 
occurrences out of 316. However, the predictions of MCA1 and MCA2 played the 
significant role in the prioritization of erosion-prone TUs. The correlation coefficients 
between MCA1- and MCA2- predicted erosion-prone areas and number of erosion 
occurrences within TUs were significant. This means that MCA revealed more reliable 
predictions on the level of TUs. Predicted erosion-prone areas (Soil Loss > 10 t/ha/y) 
by USLE revealed larger correlation coefficient with erosion occurrences than MMF 
model within TUs what proves higher reliability of the USLE predictions and its strong 
relation with the qualitative MCA1 and MCA2 methods. 
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7. DISCUSSIONS 
7.1 VEGETATION COVER MONITORING AND REGROWTH 
ASSESSMENT 
Booth et al. (2009), Um et al. (1996), Um et al. (1998) and Um et al. (2000) used the 
dual-camera, high-resolution aerial and airborne videography based assessment of VC 
and highlighted the inadequacy of conventional ground-based ecological monitoring for 
identifying revegetation insufficiencies of pipeline ROWs. The present studies based on 
the high-resolution multispectral satellite images also proved the higher applicability of 
these techniques for the environmental monitoring and assessment of revegetation and 
erosion control processes.  
Ormeci et al. (2009) determined chlorophyll-a amount in Golden Horn, Istanbul, 
Turkey using IKONOS and in-situ data of VC percentage estimations. Ormeci et al. 
(2009) proposed the integrated usage of ground measurements and remote sensing 
imagery to produce fast, accurate and large maps of some water quality parameters 
such as chlorophyll-a amount. The same approach was used in the present research and 
it was clearly observed that the RMSE of ground truth control data change with 
iterative running of regression analysis. As a result, it was possible to achieve the 
optimal R
2
 and RMSE before normalization of NDVI to VC. 
Based on the studies of Jacquin et al. (2010) and Sun et al. (2011), it is recommended 
to use the time series of MODIS NDVI for the monitoring of VC degradation and 
restoration. In the present studies, IKONOS NDVI 2007 provided possibility for 
monitoring of VC regrowth against the simulated preconstruction state of VC. 
IKONOS NDVI was selected because of its spatial and spectral resolutions suitable for 
44m wide pipeline corridor. Based on the recommendations of Jacquin et al. (2010), it 
is necessary to continue annual acquisition of time series IKONOS images to evaluate 
further growth potential of VC along RoW of pipelines. 
 
7.2 DETERMINATION OF MAIN CLIMATIC AND GROUND FACTORS 
Jin et al. (2009) determined that elevation and aspect were two important factors for the 
vertical distribution of vegetation in Qilian Mountain area because of their control on 
PRECIP and LST. Since this research area is located in the flatter terrain, elevation and 
aspect were not the main controlling factors of precipitation but ET played the 
significant role in the distribution of PRECIP. The elevation „> 150m‟ revealed the 
accumulation patterns of VC with high percentage. This allowed to conclude that 
elevation has non-direct control of VC and this occurs through the control of other 
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factors as PRECIP, LST, TMIN, TMAX. These studies did not reveal significant 
relationship between aspects and LST.  
The studies of Ji et al. (2004) which applied the spatial regression procedure for 
evaluating the relationship between AVHRR-NDVI and climate in the northern Great 
Plains showed that precipitation and potential evapotranspiration have a significant 
effect on NDVI of grasslands and croplands. The present studies showed that 
grasslands are controlled by PRECIP, ET and LST and case of croplands by PRECIP, 
ET and TMIN. After determination of the controlling factors for grasslands and 
croplands using GSRM, GWR was used to determine the variability of parameters of 
regression model along RoW. The problem of the spatial non-stationarity in the 
relationship between NDVI and rainfall was solved by the application of GWR in the 
studies of (Foody 2003). After application GWR in the present studies, it was also 
determined that GSRM for NDVI prediction cannot be the same along the entire length 
of pipelines.   
Xiaomei et al. (2007) determined that the threshold for the depth to groundwater 
affecting the VC growth was 6 m in Yinchuan Plain. The threshold in the range of 1-5 
m groundwater depth for vegetation growth was observed in the present studies.  
The quality control of the VC predictions by GSRM and GWR were controlled against 
the NDVI acquired from the high-resolution multispectral IKONOS 2007 satellite 
images. The regression analysis between high-resolution IKONOS and low-resolution 
MODIS NDVI resulted in low R
2
 what means that MODIS NDVI did not provide the 
detailed representation of NDVI. This is obviously related with the spatial and spectral 
resolution of MODIS satellite images.  
The studies of Steven et al. (2003) provided the equations for the calibration of NDVI 
between different sensors. The equation for the recalculation of IKONOS to MODIS 
NDVI was applied in the present studies. The results showed that NDVI derived from 
MODIS and IKONOS images had very low correlations what means that the spatial 
and spectral resolution of MODIS images did not provide the detailed NDVI status 
along RoW of pipelines. Necessity for the validation of MODIS images is emphasized 
in the studies of Morisette et al. (2003). 
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7.3 VALIDATION OF PREDICTION ACCURACY AND RELIABILITY OF 
UNIVERSAL SOIL LOSS EQUATION AND MORGAN-MORGAN-FINNEY 
EROSION PREDICTION MODELS AND DETERMINATION OF THEIR 
SPATIAL VARIATIONS WITHIN GEOMORPHOMETRIC ELEMENTS, 
LAND-USE AND VEGETATION COVER  
7.3.1 Validation of Prediction Accuracy of Universal Soil Loss Equation 
and Morgan-Morgan-Finney Erosion Prediction Models 
Yazidhi (2003) performed a comparative study of soil erosion modelling in Lom Kao-
Phetchabun, Thailand. As a result it was determined that the predicted soil loss rates of 
RUSLE model were greater than those of the RMMF and that there was a significant 
difference in predictions between the two models (P<0.05). Based on the conclusion of 
Cohen et al. (2005), USLE model exhibited limited predictive for the study region in 
Western Kenya. Cohen et al. (2005) recommended that invalidated application of the 
USLE model may fail and USLE should be applied along with the ground-survey based 
local calibration to achieve the reliable results. Meusburger et al. (2010) also proposed 
the validation of the USLE model. The present studies revealed that USLE performed 
better than MMF model along RoW of pipeline by identifying of 192 erosion 
occurrences out of 316, whereas MMF identified 117 erosion sites. USLE revealed 
higher ratio of frequencies of erosion occurrences within the critical erosion classes 
(Soil Loss > 10 t/ha), what also showed higher reliability of soil loss predictions by 
USLE. In terms of the reliability of quantitative soil loss predictions, USLE exhibited 
higher reliability by R
2
 equal to 0.67 in the regression analysis with the measurements 
from 48 field erosion plots. This proved that USLE-predicted soil loss rates were more 
reliable than MMF not only in terms of spatial distributions of critical erosion classes 
but also in quantitative terms of soil loss rates. 
Vrieling et al. (2008) proposed that timing of satellite images for erosion risk mapping 
is critical. This issue was not considered in the present studies because along with the 
goal to develop USLE and MMF models, this research required to quantitatively assess 
the restored VC during vegetation peak seasons. This obviously affected to the 
reliability of predictions by the USLE and MMF models. 
It was possible to determine that the majority of non-identified erosion occurrences 
were located within croplands. USLE predicted more erosion occurrences in the 
croplands than MMF. However in case of croplands, it is necessary to make long-term 
monitoring of erosion process and the results of this research are not sufficient to make 
reliable predictions in croplands.   
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7.3.2 Determination of Criteria of Geomorphometric Elements, Land-
use and Vegetation Cover for the Selection of Erosion Models 
Based on the studies of Yazidhi (2003), RUSLE model was more sensitive to the cover 
factor and organic matter, while RMMF was more sensitive to slope gradient and 
rainfall amount. In the present studies the average coefficients of variation of the 
predicted soil loss rates by the MMF and the USLE models and the number of 
accurately predicted erosion occurrences within the geomorphometric elements of 
terrain, VC percentage and landuse categories were observed to be higher in the USLE 
rather than in the MMF model. This supported the hypothesis that larger spatial 
variations of erosion models within geomorphometric elements of terrain, vegetation 
cover percentage and landuse classes could contribute to the better soil loss prediction 
performance of erosion models.  This also means that better understanding of terrain 
and spatial variations of erosion models can be used as the criteria for decision makers 
in the selection of the optimal and more powerful erosion model with the best 
prediction performance and reliability of potential erosion sites along RoW of 
pipelines.  
7.4 COMPARISON OF QUALITATIVE MULTI-CRITERIA 
ASSESSMENT AND QUANTITATIVE UNIVERSAL SOIL LOSS EQUATION 
AND MORGAN-MORGAN-FINNEY EROSION PREDICTION MODELS 
Based on the studies of Zhang et al. (2010), a qualitative assessment using multi-
criteria assessment method is used to identify areas prone to erosion processes. Zhang 
et al (2010) recommends that a qualitative assessment method can be used to prioritize 
conservation areas without the need for more complex quantitative methods. In the 
present studies, qualitative MCA revealed low prediction accuracy by identification of 
35 erosion occurrences. However, MCA - predicted erosion-prone areas revealed 
significant correlation with the number of erosion occurrences within TUs. This means 
that MCA allowed to prioritize TUs by proneness to erosion processes. MCA showed 
stronger correlation with USLE-predicted erosion-prone areas what proved higher 
reliability of the USLE predictions and its strong relation with the qualitative MCA 
methods. 
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8. CONCLUSIONS AND RECOMMENDATIONS 
VC peak periods were determined to be variable along RoW of pipelines and formed 
the specific period frames for the acquisition of remotely sensed data. Regression and 
RMSE analysis between NDVI and in-situ estimations of VC percentage revealed R
2 
equal to 0.80 and RMSE equal to 6% which were optimal for the normalization of 
NDVI to VC. The total area of restored VC, between the completion of the pipeline in 
2005 and 2007 was obtained is 8.9 million sq. m. An area of 10.7 million sq. m. of 
ground vegetation needed restoration in order to comply with the environmental 
acceptance criteria. Based on the GSRM, PRECIP, LST and ET were determined as the 
main climate factors controlling NDVI of grasslands along RoW. In case of croplands, 
PRECIP, ET and TMIN were determined as the main factors controlling NDVI of 
croplands. The regression models predicting NDVI for grasslands and croplands were 
formulated as follows: 
NDVIgrass = 100.34 - 3.19 (LST) + 19.22 (PRECIP) - 2.77 (ET) 
 NDVIcrop = 127.19+ 1.56 (ET) + 7.91 (TMIN) + 6.72 (PRECIP) 
The GWR analyses in comparison with the global regression models results clearly 
revealed that the relationship between NDVI of grasslands and croplands and the 
predictor variables was spatially non-stationary along RoW.  
Even though the observed R
2
 value between elevation and NDVI of grasslands was low 
(R
2
= 0.14), the accumulation of the largest NDVI patterns was observed higher than 
150m elevation. This revealed that elevation has non-direct control of NDVI of 
grasslands through its control of PRECIP and temperature along the grasslands of 
RoW. 
The spatial distribution percentage of NDVI classes within aspect categories was 
decreasing in the southern directions of slope faces. LST was decreasing with elevation 
but no particular patterns of LST in the relationship with NDVI accumulation within 
the aspect categories were observed. Slope aspect categories have non-direct control of 
NDVI and there are some other factors apart from LST which require further 
investigations. 
Precipitation was determined to be controlling the formation of topsoil depth and the 
topsoil controls the VC growth of grasslands as one of the ground factors. 
The modeling of groundwater depth relative to soil moisture and MODIS NDVI of 
grasslands determined that the threshold of groundwater depth for vegetation growth is 
in the range of 1-5 m.  In addition, groundwater depth revealed high correlation with 
soil moisture that has non-direct control of vegetation cover  along Rights-of-Way. 
MODIS NDVI and soil moisture did not reveal a significant correlation. Soil moisture 
is non-directly controlled by elevation, evapotranspiration, precipitation and 
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groundwater depth. Soil moisture holds non-direct control of NDVI. The variations of 
soil moisture in the 1-3 m soil depth range may have the threshold of depth controlling 
vegetation cover regrowth and this requires further investigations. The reliability of the 
GSRM and GWR predictions is limited by the MODIS spatial resolution equal to 250 
m and spectral characteristics.  
Based on the Pair-sample t-Test tests, the predictions of two models were significantly 
different (P< 0.05). The MMF and USLE predictions revealed non-similarity in the 
spatial distribution of soil loss rates along Right-of-Way. The predictions of USLE 
model with predicted soil loss more than 10 ton/ha were rationally distributed along the 
corridor of pipelines rather than in MMF which had more accumulated predicted 
erosion patterns.  
Verification of the spatial distribution of USLE - and MMF - predicted critical erosion 
classes (Soil Loss > 10 t/ha) against in-situ 316 collected erosion occurrences revealed 
that USLE performed better than MMF model along pipelines by identifying of 192 
erosion occurrences out of 316, whereas MMF identified 117 erosion sites. Besides 
USLE revealed higher ratio of frequencies of erosion occurrences within the critical 
erosion classes (Soil Loss > 10 t/ha), what also showed higher reliability of soil loss 
predictions by USLE.  USLE revealed larger correlation with the quantitative soil loss 
measurements of field erosion plots and by this, showed higher reliability in terms of 
quantitative soil loss predictions. USLE predicted more erosion-prone pipeline 
segments with predicted soil loss more than 10t/ha than MMF. The soil loss predictions 
by USLE and MMF models for the pipeline segments identified by erosion occurrences 
revealed R
2
 equal to 0.36, what means that USLE and MMF predictions of erosion-
prone pipeline segments are significantly different. 
The average coefficients of variation of the predicted soil loss rates by the MMF and 
the USLE models and the number of accurately predicted erosion occurrences within 
the geomorphometric elements of terrain, VC percentage and landuse categories were 
observed to be higher in the USLE rather than in the MMF model. This supported the 
hypothesis that larger spatial variations of erosion models within geomorphometric 
elements of terrain, vegetation cover percentage and landuse classes can contribute to 
the better soil loss prediction performance of erosion models. This also means that 
better understanding of terrain and spatial variations of erosion models can be used as 
the criteria for decision makers in the selection of the optimal and more powerful 
erosion model with the best prediction performance and reliability of potential erosion 
sites along RoW of pipelines.  
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The following recommendations are proposed as a result of this research: 
1. The present studies allowed to quantify vegetation cover percentage along RoW of 
pipelines and to evaluate the restoration status since the completion of the pipelines. 
The original vegetation cover was simulated based on vegetation cover percentage of 
Off-RoW because of non-availability of multispectral data for the pre-construction state 
in 2003.  It is recommended to continue the acquisition of high-resolution multispectral 
images annually for the quantitative assessment of vegetation cover temporal changes. 
2. SMRM, GSRM and GWR models were based on the response variable - MODIS 
NDVI. As it was determined, low - resolution MODIS NDVI has a weak correlation 
with a high-resolution IKONOS NDVI. Therefore MODIS NDVI does not present the 
detailed VC status within 44 m wide RoW of pipelines. It is recommended to apply 
IKONOS, GEOEYE, Worldview 2 or Quickbird NDVI for the development of more 
detailed GSRM and GWR models for the prediction of NDVI. 
3. Direct application of NDVI can be misleading for VC development that‟s why 
regression analysis between in-situ estimations of vegetation cover percentage and 
NDVI and RMSE should be applied to normalize NDVI to VC. It is recommended to 
collect more „control‟ transects for the iterative runs of tests to achieve optimal R2 and 
RMSE and resulted regression equation. Besides it is recommended to run regression 
analysis for the smaller sections of pipelines rather than for the entire pipeline corridor, 
but this requires larger number of transects. In some areas, NDVI revealed low values 
in the transects with high VC percentage for some vegetation and soil types. It is 
necessary to consider those types of vegetation species which are not properly 
identified by NDVI. It is necessary to investigate other NDVI indices as the Soil-
adjusted Vegetation Index (SAVI) and also other soil and atmospheric corrections to 
improve the quality of extracted values.   
4. MMF and USLE models were run using vegetation cover computed from NDVI of 
vegetation peak seasons for grasslands and also using recommended vegetative cover 
factors for croplands. The seasons of higher proneness to erosion processes were not 
determined and it is obviously preferable to develop VC for those seasons to achieve 
more realistic predictions of MMF and USLE models. This requires the availability of 
high-resolution multispectral images acquired during non-vegetation peak seasons.  
5. It is recommended by Cohen et al. (2005) that USLE and MMF should be calibrated 
using in-situ estimations of field erosion plots. In the present studies, USLE and MMF 
models were only validated using erosion occurrences and field erosion plots for the 
evaluation of prediction reliability. USLE and MMF models were not calibrated in the 
present studies because of low number and non-rational distribution of field erosion 
plots along RoW of pipelines. 
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6. Soil moisture was considered in the present research as one of the input parameters 
for the MMF model and also investigated as one of the ground factors controlling the 
regrowth of vegetation cover. Soil moisture was based on the interpolated surface using 
field collected samples from 156 boreholes and test pits along RoW of pipelines. 
Because there is no other soil moisture data existing in Azerbaijan applicable for 
statistical analysis, it is also necessary to make more detailed studies of soil moisture 
along RoW of pipelines using radar technologies. 
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